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Abstract

Soil moisture is a key variable in the water and energy cycles at the atmosphere-land-vegetation
interface. Accurate and continuous soil moisture data are essential for many applications,
including water resources management, drought monitoring, and agricultural forecasting. In situ
soil moisture measurements from laboratories or sensors are limited by spatial coverage and high
cost. Land surface models (LSMs) can simulate soil moisture from point to large scales, but are
subject to simplified parameterizations and uncertainties due to model structure and input data.
For example, the role of lateral water flow is typically not represented in LSMs. The advent of
remote sensing technologies has made it possible to obtain soil moisture information on a large
scale and in near real-time. However, soil moisture retrievals are coarse and limited by dense
vegetation, complex topography, and frozen soils. Data assimilation (DA) can use data from
sources like remote sensing to improve the performance of land surface models. We evaluated
LSM simulations over a temperate-climate region with complex topography and land forms
in western Germany, using a variety of data types, e.g., soil moisture and evapotranspiration
(ET). One objective of this PhD research was to assess the influence of considering lateral flow
and the subsurface on the simulation of soil moisture and other hydrological variables, and
to investigate whether the coupled land surface-subsurface model could extract more remotely
sensed information in the DA process. Another objective was to gain insight into the value added
by merging remotely sensed soil moisture information using different merging schemes, and to
assess whether merged soil moisture datasets allow for improving land surface characterisation
more than the assimilation of single remotely sensed soil moisture products.

In the first study, a cross-evaluation of land surface model results (with and without lateral
flow processes), the National Aeronautics and Space Administration (NASA) Soil Moisture
Active/Passive (SMAP) mission soil moisture product, and cosmic-ray neutron sensor (CRNS)
measurements was carried out. A traditional land surface model (the Community Land Model
(CLM) version 3.5) and a coupled land surface-subsurface model (CLM-ParFlow) were applied.
Compared to CLM stand-alone simulations, the coupled CLM-ParFlow model considers both
vertical and lateral water movement. In addition to standard validation metrics, a triple
collocation (TC) analysis has been performed to help understand the random error variances of
different soil moisture datasets. In this study, it was found that the three soil moisture datasets
are consistent. The coupled and uncoupled model simulations were evaluated at CRNS sites,
and the coupled model simulations showed less bias than the CLM stand-alone model (-0.02
em?/cm? vs 0.07 cm®/cm?), similar random errors, but a slightly smaller correlation with the
measurements (0.67 vs 0.71). The TC analysis showed that CLM-ParFlow reproduced better soil
moisture dynamics than CLM standalone and with a higher signal-to-noise ratio. This suggests
that the representation of subsurface physics is of significant importance in land surface modeling
and that coupled land surface-subsurface modeling is of high interest.

Land surface modelling combined with data assimilation provides the potential to generate
highly accurate soil moisture estimates across regional and global scales. In a second study in
this PhD dissertation, the CLM and the coupled land surface subsurface model CLM-ParFlow,
which considers lateral surface and subsurface flows, were applied on the study region. The soil
moisture retrievals from the Soil Moisture Active/Passive (SMAP) mission were assimilated with
the Localized Ensemble Kalman Filter (LEnKF) (with and without parameter estimation) using
an ensemble size of 32 realizations. The simulated soil moisture, ET, and groundwater level were
evaluated using in situ observations from a CRNS network, Eddy Covariance (EC) stations, and
groundwater measurement wells. The results showed that the assimilation of remotely sensed
soil moisture product improved the correlation from 0.71-0.78 to 0.79-0.82 and decreased the
unbiased Root Mean Square Error (ubRMSE) from 0.062-0.048 cm?/cm? to 0.058-0.045 cm? /em?.
The characterisation of ET showed a limited improvement with the highest ubRMSE reduction
of 5%. The assimilation did not improve the groundwater level characterization. In addition,
the joint state-parameter update did not give a better performance than updating the states
alone, suggesting that SMAP retrievals do not provide sufficient information to update the
parameters.
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Microwave remote sensing technology has emerged to provide valuable products to monitor and
assess soil moisture content at regional or global scales. However, each soil moisture product
exhibits different advantages and shortcomings. Data fusion could help improve accuracy by
merging information from different sources. In a third study in this PhD thesis, a traditional
TC-based method and a novel Long Short Term Memory network (LSTM) were used to merge
soil moisture products from the SMAP mission, Advanced Microwave Scanning Radiometer 2
(AMSR2) and The Advanced SCATterometer (ASCAT). This research reveals that the LSTM
outperforms the traditional TC-based method for data fusion when evaluated against field
measurements. The study identifies that both climate forcing and physiographic attributes
significantly influence the spatial and temporal variations observed in the LSTM prediction
scheme. Consequently, the study highlights the considerable potential of the LSTM method for
large-scale integration of remote sensing soil moisture data.

The comparative efficacy of assimilating microwave retrievals from different missions remains
unclear. A fourth study in this dissertation investigated the effectiveness of assimilating soil
moisture retrievals from both active and passive microwave instruments and their merged
soil moisture datasets into the CLM using an ensemble Kalman filter (EnKF) approach. In-
situ observations from the TERrestrial EnviroNmental Observations (TERENO) network were
employed to evaluate the modelled soil moisture by different sets of experiments: (1) individual
assimilation of each product and (2) assimilation of combined active and passive retrievals by
arithmetic mean, TC-based method, and LSTM scheme. Results showed that the assimilation
generally improved the model performance in terms of Pearson r and ubRMSE. The SMAP
and ASCAT products were more informative than the AMSR product, with a median improved
Pearson r of 0.08 and 0.09 and a reduction in ubRMSE of 28.5% and 27.3% compared to open
loop runs, respectively. The similar performance for SMAP and ASCAT demonstrated that they
may be complementary tools. The assimilation of merged datasets gave a similar performance to
SMAP and ASCAT retrieval and a slightly better performance than ASCAT retrieval.

This dissertation aims to investigate the use of coupled land surface subsurface models to enhance
the performance of LSMs through DA. However, the results indicate that the improvements
for other compartments are limited, and many challenges remain. For the complex LSMs, a
multivariate and multi-scale approach needs to be explored, which considers the integration of
information from multiple observation types (e.g., soil moisture, leaf area index, total water
storage) and their spatial mismatch with the model grid. Furthermore, it is observed that
assimilating a merged product of microwave soil moisture retrievals hardly gives better results
than assimilating single retrievals. In the DA scheme, a uniform observation error was applied,
which might be unrealistic. A temporally and spatially variable observation error could be used
to help DA assign higher weights to more accurate information and lower weights to unreliable
information. Meantime, a more accurate remote sensing product (Sentinel-1 at 1 km) might be
preferable for constraining the high-resolution model.
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ZUSAMMENFASSUNG

Die Bodenfeuchte ist eine Schliisselvariable in den Wasser- und Energiekreislaufen an der Schnittstelle]
zwischen Atmosphére, Landoberfliche und Vegetation. Fiir viele Anwendungen ist es unerlésslich,
dass Bodenfeuchtedaten sowohl genau als auch iiber einen langeren Zeitraum verfiigbar sind. Zu
solchen Anwendungen gehéren die Bewirtschaftung von Wasserressourcen, die Diirretiberwachung,
sowie die Vorhersage landwirtschaftlicher Ertrage. Der Nutzen von in-situ-Bodenfeuchtemessungen
in Labors oder auf dem Feld ist durch eine geringe rdumliche Abdeckung und hohe Kosten be-
grenzt. Landoberflichenmodelle (LSMs) kénnen helfen, da sie Bodenfeuchte auf verschiedenen
Mafistdben simulieren konnen. Damit liefern Landoberflichenmodelle die Moglichkeit lokale Mes-
sungen fiir regionale und kontinentale Vorhersagen zu nutzen. Allerdings unterliegen LSMs einigen
Unsicherheitsquellen, darunter vereinfachte Parametrisierungen der physikalischen Prozesse und
mogliche Fehler in der Modellstruktur oder den Eingabedaten. So wird zum Beispiel lateraler
Wasserfluss in LSMs in der Regel nicht berechnet. Die Einfithrung von Fernerkundungstech-
nologien hat es erméglicht, Bodenfeuchteinformationen auf sehr groffem Mafstab und nahezu
in Echtzeit zu erhalten. Die Bodenfeuchtedaten, die durch Fernerkundung gewonnen werden,
sind jedoch grob und in ihrer Interpretierbarkeit durch das Vorhandensein dichter Vegetation,
komplexer Topografie und gefrorener Boden begrenzt. Die Datenassimilation (DA) kann Daten aus
Quellen wie der Fernerkundung nutzen, um die Vorhersagekraft von Landoberflaichenmodellen zu
verbessern. Wir haben die LSM-Simulationen tiber einer gemafigten Klimaregion mit komplexer
Topografie und Landform in Westdeutschland bewertet und dabei eine Vielzahl von Datentypen, z.
B. Bodenfeuchte und Evapotranspiration (ET), assimiliert. Ein Ziel dieser Doktorarbeit war es,
den Einfluss der Berticksichtigung der lateralen Stromung und eines besseren Untergrundmodells
im Allgemeinen auf die Simulation der Bodenfeuchte und anderer hydrologischer Variablen zu
bewerten und zu untersuchen, ob ein gekoppeltes Landoberflichen-Untergrund-Modell bei der DA
mehr Informationen aus Fernerkundungsdaten gewinnen kann. Ein weiteres Ziel war es, einen
Einblick in den Mehrwert zu gewinnen, der durch gemeinsame Assimilation von Bodenfeuchtedaten
aus lokalen und Fernerkundungsmessungen entsteht. Dabei wurden verschiedene Methoden fir
diese gemeinsame Assimilation genutzt. Schliellich wird bewertet, ob solche aus mehreren Quellen
zusammengesetzte Bodenfeuchte-Datensétze eine bessere Charakterisierung der Landoberfliche
ermoOglichen als die Assimilation reiner Fererkundungsdatensétze.

In der ersten Studie der Doktorarbeit wurden die Ergebnisse des Landoberflichenmodells (mit
und ohne laterale Stromungsprozesse), das Bodenfeuchteprodukt der Soil Moisture Active/Passive
(SMAP) Mission der National Aeronautics and Space Administration (NASA) und Messungen
aus Cosmic-Ray Neutron Sensors (CRNS) miteinander verglichen. Es wurden ein weithin an-
erkanntes Landoberflichenmodell (das Community Land Model (CLM) Version 3.5) und ein
gekoppeltes Landoberflichen-Untergrundmodell (CLM-ParFlow) verwendet. Im Vergleich zu den
CLM-Einzelsimulationen berticksichtigte das gekoppelte CLM-ParFlow-Modell sowohl die vertikale
als auch die laterale Wasserbewegung. Zusétzlich zu den Standard-Validierungsmetriken wurde eine
dreifache Kollokationsanalyse (TC) durchgefithrt, um die zufélligen Fehlervarianzen verschiedener
Bodenfeuchtigkeitsdatensétze zu verstehen. In dieser Studie wurde festgestellt, dass die drei
Bodenfeuchtedatensétze konsistent sind. Die gekoppelten und ungekoppelten Modellsimulationen
wurden an CRNS-Standorten ausgewertet, und die gekoppelten Modellsimulationen zeigten eine
geringere Verzerrung als das CLM-Einzelmodell (-0.02 ecm®/cm? gegeniiber 0.07 cm?®/cm?®), dhnliche
zuféllige Fehler, aber eine etwas geringere Korrelation mit den Messungen (0.67 gegeniiber 0.71).
Die TC-Analyse zeigte, dass CLM-ParFlow die Dynamik der Bodenfeuchte besser und mit weniger
Hintergrundrauschen wiedergab als nur CLM. Dies deutet darauf hin, dass die Darstellung der
Untergrundphysik bei der Modellierung der Landoberfliche von grofier Bedeutung ist und dass die
gekoppelte Modellierung von Landoberfliche und Untergrund von groBem Interesse ist.

Die Landoberflachenmodellierung in Verbindung mit Datenassimilation bietet das Potenzial, hochge-
naue Schatzungen der Bodenfeuchtigkeit auf regionaler und globaler Ebene zu erstellen. In einer
zweiten Studie im Rahmen dieser Dissertation wurden das gemeinschaftliche Landmodell CLM
und das gekoppelte Landoberflichen-Untergrundmodell CLM-ParFlow, das laterale Oberflachen-
und Untergrundstromungen berticksichtigt, auf die Untersuchungsregion angewendet. Die Boden-
feuchtigkeitsdaten der Soil Moisture Active Passive (SMAP) Mission wurden mit dem Localized
Ensemble Kalman Filter (LEnKF) (mit und ohne Parameterschétzung) mit einer Ensemblegrofie
von 32 Realisierungen assimiliert. Die simulierte Bodenfeuchte, die Evapotranspiration (ET)
und der Grundwasserspiegel wurden mit In-situ-Beobachtungen eines Netzes von Cosmic Ray
Neutron Sensoren (CRNS), Eddy Covariance (EC) Stationen und Grundwassermessstellen ver-
glichen. Der Vergleich zeigte, dass die Assimilation von fernerkundeten Bodenfeuchteprodukten
die Korrelation von 0.71-0.78 auf 0.79-0.82 verbesserte und den unbiased Root Mean Square Error
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(ubRMSE) von 0.062-0.048 cm?®/cm?® auf 0.058-0.045 cm?®/cm?® reduzierte. Die Charakterisierung
von ET zeigte eine begrenzte Verbesserung mit einer hochsten ubRMSE-Reduktion von 5%. Die
Assimilation fithrte nicht zu einer Verbesserung der Grundwasserstandsbeschreibung. Dartiber
hinaus ergab die gemeinsame Anpassung von Zustandsvariablen und Parametern keine besseren
Ergebnisse als die Anpassung der Zustédnde allein. Dieser Umstand deutet darauf hin, dass
die SMAP-Bodenfeuchtedaten keine ausreichenden Informationen zur Anpassung der Parameter
liefern.

Die Mikrowellenfernerkundungstechnologie liefert Datenprodukte, die einen Beitrag zur Beschrei-
bung und Anpassung der Bodenfeuchtigkeit auf regionaler oder globaler Ebene leisten. Allerdings
weist jedes Bodenfeuchteprodukt unterschiedliche Vorteile und Méngel auf. Eine Datenfusion kon-
nte eine verbesserte Gesamtgenauigkeit ergeben, indem Informationen aus verschiedenen Quellen
zusammengefiithrt werden. In einer dritten Studie im Rahmen dieser Doktorarbeit wurden ein
traditionell angewandtes Verfahren auf der Grundlage der dreifachen Kollokation (TC) und ein
neu eingefiihrtes Long Short Term Memory network (LSTM) verwendet, um Bodenfeuchtepro-
dukte der Mission Soil Moisture Active Passive (SMAP), des Advanced Microwave Scanning
Radiometer 2 (AMSR2) und des Advanced SCATterometer (ASCAT) gemeinsam zu nutzen. Die
Studie zeigt, dass das LSTM die Felmessungen besser anndhert als die traditionelle TC-basierte
Methode. Ein weiteres Ergebnis der Studie ist, dass sowohl klimatische als auch die physiografische
Faktoren einen erheblichen Einfluss auf die rdumlichen und zeitlichen Schwankungen haben, die
in der LSTM-Methode beobachtet werden. Insgesamt unterstreicht die Studie das betrachtliche
Potenzial der LSTM-Methode fiir die grofl angelegte Integration von Bodenfeuchtedaten aus der
Fernerkundung,.

Die Leistungsfahigkeit verschiedener Assimilationen in Abhangigkeit von Mikrowellenmessdaten
aus verschiedenen Missionen blieb zu kldren. Eine vierte Studie in dieser Dissertation unter-
suchte die Leistungsfahgikeit der Assimilierung von Bodenfeuchtigkeitsdaten von (1) aktiven
Mikrowelleninstrumenten, (2) passiven Mikrowelleninstrumenten und (3) deren zusammengefassten
Bodenfeuchtigkeitsdatensatzen in das gemeinschaftliche Landmodell (CLM) unter Verwendung
eines Ensemble-Kalman-Filters (EnKF). In-situ-Beobachtungen aus dem TERENO-Netz wurden
zur Bewertung der modellierten Bodenfeuchte in verschiedenen Versuchsreihen eingesetzt: (1)/(2)
individuelle Assimilierung jedes Produkts und (3) Assimilation kombinierter aktiver und passiver
Abrufe durch arithmetisches Mittel (3a), TC-basierte Methode (3b) und LSTM-Schema (3c).
Die Modellaufe zeigten, dass jede Art der Assimilation die Metriken Pearson r und ubRMSE
der Modellergebnisse verbesserte. Die SMAP- und ASCAT-Produkte waren informativer als
das AMSR-Produkt, mit einem mittleren verbesserten Pearson r von 0.08 und 0.09 und einer
Verringerung des ubRMSE von 28.5% bzw. 27.3% im Vergleich zu Laufen ohne Assimilation. Die
ahnlichen Ergebnisse von SMAP und ASCAT zeigen, dass diese Datenprodukte sich gegenseitig
erginzen konnen. Die Assimilation zusammengefasster Datensétze lieferte Ahnliche Ergebnisse wie
die SMAP- und ASCAT-Produkte und eine etwas bessere Leistung als das ASCAT-Produkt.

In dieser Dissertation soll der Einsatz von gekoppelten Landoberflichen-Untergrundmodellen
untersucht werden, um die Ergebnisse von LSMs durch DA zu verbessern. Die Ergebnisse zeigen
jedoch, dass die VcrbcserungLn fir andere Teile eines Erdsystemmodells begrenzt sind und viele
Herausforderungen bestehen bleiben. Fiir die komplexen LSM muss ein multivariater und multi-
skaliger Ansatz erforscht werden, der die Integration von Informationen aus verschiedenen Beobach-
tungsarten (z. B. Bodenfeuchte, Blattﬂéichenindex7 Gesamtwasserspeicherung) und deren raumliche
Nichtiibereinstimmung mit dem Modellgitter berticksichtigt. Dariiber hinaus wird festgestellt, dass
die Assimilierung eines zusammengefassten Produkts von Mikrowellen-Bodenfeuchtedatensétzen
kaum bessere Ergebnisse liefert als die Assimilation von Einzeldatensitzen. Fir die DA wurde
ein homogener Beobachtungsfehler zugrunde gelegt, was unrealistisch sein konnte. Ein zeitlich
und rdumlich variabler Beobachtungsfehler konnte zu einer besseren Wichtung der Datensétze
beitragen. In der Zwischenzeit konnte ein genaueres Fernerkundungsprodukt (Sentinel-1 bei 1 km)
zur Bestimmung eines hochauflosenden Modells besser geeignet sein.



Introduction

Soil moisture is a key state variable that supports terrestrial ecosystem functioning and
atmosphere-land interactions. It governs the partitioning of surface net radiation between
latent and sensible heat fluxes, thereby regulating land—atmosphere energy and water exchanges
(Dirmeyer 2011; Koster et al. 2004; Schwingshackl et al. 2017; Small et al. 2003). Climatic related
changes in soil moisture influence evapotranspiration, air temperature, and precipitation, linking
hydrological and climatic extremes such as droughts and heatwaves (Berg et al. 2014; Grillakis
2019; Lorenz et al. 2010; Seneviratne et al. 2010; Teuling et al. 2006; Zhou et al. 2024). At the
ecosystem level, soil moisture controls regulates plant water uptake, constrains plant transpiration,
leaf and root respiration, and the photosynthesis process (Havranek et al. 1978; Trugman et al.
2018). It also modulates the growth and development of microorganisms, affecting microbiological
and biochemical activities, nutrient cycling, and greenhouse gas emissions (Borowik et al. 2016;
Tiemann et al. 2011). Therefore, accurate soil moisture information is essential for weather
forecasting, water resources management, climate change research, and agricultural applications

such as irrigation scheduling.

Soil moisture can be measured using various methods operating across different spatial and
temporal scales. One of the most common and direct methods is the gravimetric method,
which dries soil samples in an oven until no further mass loss occurs, after which the sample
is weighed again. Despite its precision, this technique is labour-intensive and unsuitable for
large-scale or continuous monitoring. Alternative indirect methods estimate soil water content
by establishing relationships between soil water content and soil properties, such as dielectric
constant, electrical conductivity, or thermal capacity (e.g., Robinson et al. 2008). Among these,
the Time Domain Reflectometry (TDR) method is widely used, which works by sending a
high-frequency electromagnetic pulse through a soil probe and measuring the time it takes for the
pulse to travel back to the instrument (Rajkai et al. 1992). The travel time of the pulse is affected
by the dielectric constant of the soil, which is directly related to the soil moisture content. The
TDR probes are inserted into the soil at the desired depth and at the desired locations. Other
similar methods include Time Domain Transmissivity (TDT) (Will et al. 2013), tensiometers
(Hubbell et al. 1998) and capacitance probes (Dean et al. 1987). A more recent technique, called
Cosmic-Ray Neutron Sensor, has emerged as a promising method for measuring soil moisture
at an intermediate scale of approximately 240 m (Zreda et al. 2008). The penetration depth
depends on the soil moisture content, ranging from 15 cm (wet soils) to 55 cm (dry soils) (Schrén
et al. 2017b). However, these ground-based measurements are typically point-based and limited
in their ability to capture the spatial variability of soil moisture at large scales (e.g., Dobriyal
et al. 2012; Robock et al. 2000; Walker et al. 2004).
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Remote sensing techniques can provide spatially continuous, large-scale soil moisture information
(e.g., Jackson et al. 1996; Mohanty et al. 2017). Two key satellite missions operating at the
L-band microwave frequency are the Soil Moisture and Ocean Salinity (SMOS) launched by the
European Space Agency (ESA) in 2009 (Kerr et al. 2001) and the The National Aeronautics
and Space Administration (NASA)’s Soil Moisture Active/Passive (SMAP) launched in 2015
(Entekhabi et al. 2010a). These missions provide global surface soil moisture observations with
spatial resolutions ranging from about 9 to 50 km and revisit intervals of 1-3 days (Kerr et al.
2010; O’Neill et al. 2010). The low-frequency microwave sensors have a penetration depth of
approximately 3-5 cm; although retrievals are still affected by surface roughness, vegetation

density, frozen soils, and complex topography (Mishra et al. 2018).

Land surface models (LSMs) complement satellite observations by providing continuous and
physically consistent estimates of soil moisture through the simulation of coupled energy, water,
and carbon processes (Bonan 1998; Lawrence et al. 2019). LSMs resolve the exchanges of
energy (net radiation, sensible and latent heat), water (precipitation, infiltration, runoff, and
evapotranspiration), and carbon (photosynthesis, respiration, and decomposition) between the
land surface and the atmosphere (Bonan et al. 2018; Sellers et al. 1997). LSMs can operate at
hyper-resolution (<1 km) for catchment or regional studies (Wood et al. 2011) or at coarser (10-
100 km) resolutions for global applications (Blyth et al. 2021). Modern LSMs now include explicit
representations of vegetation dynamics, carbon—nitrogen cycling, and plant hydraulics, enabling
better simulation of drought responses and ecosystem feedbacks (Clark et al. 2011; Fisher et al.
2018; Lawrence et al. 2019). However, LSM predictions remain sensitive to parameterization and
input uncertainties, particularly meteorological forcing, soil texture, and vegetation characteristics
(Dumedah et al. 2014; Hossain et al. 2005).

Data assimilation (DA) is a robust method for enhancing the reliability of LSMs by integrating
observations, and it has been used to improve the accuracy of soil moisture in LSMs for several
decades (Blankenship et al. 2016; Houser et al. 1998; Kumar et al. 2022; Ni-Meister 2008; Nair
et al. 2022; Reichle et al. 2008a; Zhou et al. 2020). One commonly used DA algorithm in LSMs
is Ensemble Kalman Filter (EnKF) (Evensen 1994), a sequential data assimilation algorithm
capable of addressing various sources of modelling errors in combination with complex non-linear
system models. Many studies have effectively employed EnKF and its variants to refine large-scale
soil moisture predictions by assimilating remote sensing brightness temperature observations or
soil moisture retrievals (Blyverket et al. 2019; Fairbairn et al. 2015; Huang et al. 2008; Naz et al.
2019; Reichle et al. 2008b; Renzullo et al. 2014; Xu et al. 2015). However, studies have reported
improvements in related fluxes such as evapotranspiration and other variables (e.g., runoff) often
remain limited (Chen et al. 2011; Hostache et al. 2020; Naz et al. 2019; Strebel et al. 2024).
This limitation partly stems from structural simplifications in many LSMs, in which soil water
flow is treated as one-dimensional, and the coupling between soil moisture and groundwater
dynamics is neglected. Recent studies have demonstrated that including three-dimensional
hydrological processes (lateral flow and groundwater interactions) leads to more realistic soil
moisture distributions and improved simulation of transpiration and ground evaporation fluxes
(Kim et al. 2017; Maxwell et al. 2016; Yang et al. 2021b).



In recognition of the importance of surface and subsurface lateral flows, a growing body of
research has focused on integrating groundwater processes with LSMs. Maxwell et al. (2005)
coupled the Common Land Model (CoLM) and a variably saturated groundwater flow model
(ParFlow) and demonstrated that the soil moisture and groundwater table depth simulated
by the coupled model performed better when evaluated against observations. Shi et al. (2013)
incorporated a land surface scheme Flux into the PIHM (Penn State Integrated Hydrologic
Model), which is capable of simulating lateral water flow and deep groundwater at fine resolution.
Riley et al. (2014) and Ji et al. (2015) coupled the Community Land Model (CLM 4.0) with
the Process-based Adaptive Watershed Simulator (PAWS). The coupled model CLM+PAWS
computes two-dimensional overland flow, one-dimensional channel network flow, and quasi-three-
dimensional subsurface flow. Niu et al. (2014a) find that the coupling of CATchment HYdrology
(CATHY) and Noah-Multiparameterization Land Surface Model (Noah-MP) outperforms the one-
dimensional Noah-MP, and the improvement is attributed to the incorporation of groundwater
table depth into the coupled modeling framework, highlighting the influence of groundwater
dynamics on energy balance partitioning. Moreover, an atmosphere-land surface-subsurface
Terrestrial System Modelling Platform (TSMP) was developed by Shrestha et al. (2014), where
the CLM 3.5, ParFlow, and Consortium for Small-scale Modeling (COSMO) models are coupled
through the Ocean Atmosphere Sea Ice Soil (OASIS) coupler. The component ParFlow model
solves the three-dimensional Richards’ equation to simulate the three-dimensional movement
of subsurface water. However, only in a few studies (Gebler et al. 2019; Lahmers et al. 2022;
Sawada 2020) were soil moisture measurements assimilated into the coupled model. It remains
uncertain whether accounting for lateral flows and coupling a groundwater component could
enhance DA skill in LSMs.

The effectiveness of data assimilation is determined by the relative magnitude of errors in the
remote sensing retrievals and the model itself. It is expected that more accurate and informative
remote sensing retrievals can lead to higher benefits of DA (Gevaert et al. 2018). The satellite soil
moisture products from both active (Brocca et al. 2010, 2011; Draper et al. 2011; Loizu et al. 2018;
Renzullo et al. 2014) and passive microwave sensors (Ahmad et al. 2022; Chakrabarti et al. 2014;
Kolassa et al. 2017b; Larue et al. 2018; Lievens et al. 2015; Pinnington et al. 2021; Sawada et al.
2015; Al-Yaari et al. 2014; Zhou et al. 2020) have been assimilated to LSMs. The passive sensors
are more sensitive to soil dielectric properties than the active sensors. However, the passive sensors
are limited by their coarse spatial resolution and high sensitivity to surface parameters, such
as temperature. Soil moisture retrievals can be obtained from multiple microwave frequencies,
including L-band (1.4 GHz), C-band (6 GHz), and X-band (10 GHz), regardless of whether the
microwave sensors are active or passive. Among these, L-band is considered more advantageous
for soil moisture retrieval because of its greater penetration depth and reduced sensitivity to
dense vegetation and atmospheric conditions (Konings et al. 2017; Schmugge 1978). Beyond the
single-sensor retrieval products, synergistic retrieval approaches have emerged to leverage the

complementary strengths of microwave observations from multiple sensors in the DA process.

Draper et al. (2012) investigated the potential benefits of assimilating data from both the active
microwave Advanced Scatterometer (ASCAT) and the passive Advanced Microwave Scanning
Radiometer for the Earth Observing System (AMSR-E) together. In a follow-up study, Kolassa
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et al. (2017a) used the same sensors as Draper et al. (2012) and further investigated merging
strategies for DA, evaluating the performance of both joint and separate retrieval assimilation
techniques. These studies demonstrate that assimilating merged retrievals yields comparable
to, or even better than, assimilating individual retrievals. Other similar studies (Gevaert et al.
2018; Kim et al. 2018; Lievens et al. 2017b; Liu et al. 2016; Xu et al. 2017) conclude that joint
assimilation of multiple retrievals does not consistently outperform separate retrieval approaches.
Despite the growing use of multiple soil moisture information sources in DA processes, limited
research has explored diverse approaches for effectively combining these data and examined how

DA benefits from remote sensing soil moisture across different schemes.
The objective of this PhD thesis is to:

(a) Explore the effects of the lateral flow process and incorporation of subsurface components in

the spatial and temporal distribution of simulated soil moisture by LSMs.

(b) Investigate whether coupling of groundwater components improves model performance
more than extracting information through assimilating remote sensing retrievals, and whether
this leads to improved predictions for soil moisture and other hydrological variables, such as

Evapotranspiration (ET) and groundwater level.

(c) Develop a methodology to effectively merge the remote sensing soil moisture information from

multiple microwave sensors and improve the characterization of soil moisture over large scales.

(d) Investigate whether the assimilation of merged microwave soil moisture retrievals can further
improve the prediction than single retrieval assimilation, and assess whether the merging scheme

yields a significant difference in the skill of the assimilation output.

Chapter 2 presents a comprehensive overview of the integrated TSMP platform used in this
research. This chapter also introduces DA schemes and the Triple Collocation (TC) method. It
also briefly introduces the research area and the remote sensing soil moisture retrievals from the
SMAP mission.

Chapter 3 conducts a comparative evaluation of two land surface models within the TSMP
framework, the CLM model and the coupled CLM-ParFlow model, which considers both vertical
and lateral water movements. This chapter conducts a cross-evaluation that includes model
simulations, soil moisture data derived from the SMAP mission, and cosmic-ray neutron sensor
(CRNS) measurements, based on the TC method. The study area is located in Western Germany,

which has a temperate climate and diverse vegetation.

Chapter 4 examines the assimilation of SMAP soil moisture data into the CLM and CLM-ParFlow
models. As argued before, only a few studies explored the influence of lateral water flow on the
DA process. The assimilation effects on the soil moisture and ET characterization are evaluated
with in situ measurements. Given the strong coupling between soil moisture and groundwater,
particularly when groundwater levels are shallow, we also explored the impact of assimilating soil
moisture data on CLM-ParFlow groundwater level simulations. Additionally, two DA strategies
are compared: one that updates only the model states, and another that includes parameter

estimation.



Chapter 5 explores different methods to integrate multiple remote sensing soil moisture retrievals
from SMAP, the Advanced Microwave Scanning Radiometer 2 (AMSR2), and ASCAT. The
merging schemes include a straightforward arithmetic mean technique, a TC-based approach,
and an innovative Long Short-Term Memory (LSTM) neural network model. The performance of
the merged datasets and each remote sensing product is evaluated against in situ measurements
to assess their accuracy and reliability. We compare the results and identify the most effective

approach for data fusion.

Chapter 6 compared (i) the assimilation of joint active and passive retrievals (the fusion dataset
by Chapter 5) and (ii) the assimilation of the separate soil moisture products by using the CLM
model. The results for different assimilation strategies are compared and validated using CRNS

measurements.

Finally, chapter 6 summarizes the main results and provides an insight for future research.






Methods and materials

2.1 Integrated Terrestrial Systems Modelling Platform (TSMP)

Previous work by Shrestha et al. (2014) has introduced the TSMP. The platform consists of an
atmospheric model (Consortium for Small-Scale Modelling, COSMO) (Baldauf et al. 2011), a
land surface model (the NCAR CLM version 3.5) (Oleson et al. 2008), and a three-dimensional
variably saturated groundwater flow model (ParFlow) (Kollet et al. 2006). An external coupler
(Ocean Atmosphere Sea Ice Soil, version 3.0, OASIS3) (Valcke 2013) is used to couple the three
models through a multi-executable and multi-data approach, allowing for independent executions
of the three models while maintaining data exchange. The TSMP simulates the exchange of
water and energy between the lower atmospheric boundary layer, the land surface, and the

subsurface.

In the TSMP, atmospheric variables (e.g., air temperature, air pressure, wind speed, specific
humidity, incoming short- and long-wave radiation, precipitation) from the lowest COSMO layer
are provided to the CLM. The land surface mass and energy balance components are calculated in
CLM. Then the land surface-atmosphere exchange fluxes, momentum flux, albedo, and outgoing
long-wave radiation are sent back to COSMO. ParFlow is coupled to CLM over the upper ten
vertical soil layers. The land surface model CLM sends the net infiltration flux, taking into
account precipitation and evapotranspiration, and which can be negative for the top 10 layers
to ParFlow; in turn, ParFlow sends the updated subsurface relative saturation and pressure
values for the top 10 layers to CLM. TSMP offers a flexible configuration mode, supporting fully
coupled operation (COSMO + CLM + ParFlow), partial coupling (COSMO + CLM or CLM +
ParFlow), and standalone runs of individual modules (COSMO, CLM, or ParFlow). In this work,
the partly coupled configuration with CLM and ParFlow is used. A more detailed overview of

the CLM and ParFlow models is given in the following sections.

2.1.1 Community Land Model (CLM), version 3.5

The CLM, developed by the NCAR, is the land component of the Community Earth System
Model (CESM). CLM calculates land surface mass and energy balance, including infiltration,
interception, surface runoff, snow, and evapotranspiration (Oleson et al. 2004; Oleson et al.
2008). The codes were originally written by Yongjiu et al. (1997), and their features include

the unevenly spaced layers for simulating soil temperature and soil moisture, the representation
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of liquid water and ice mass, the snow process, and the runoff parameterization following the
TOPMODEL concept. Further developments have been implemented, including in the areas of
carbon cycling, vegetation dynamics, and river routing. CLM version 2.0 was released (Bonan et
al. 2003). CLM version 3.0 differs from previous releases, particularly from a software engineering
perspective. Following this release, several modifications are introduced to alleviate previous
biases, e.g., new parameterizations for canopy integration and interception, frozen soil, subsurface
runoff, and evapotranspiration (Oleson et al. 2008). CLM version 3.5 represents significant
improvements over CLM 3.0, particularly in its representation of the hydrological cycle. The
CLM version 5.0 (Lawrence et al. 2019) represents a large advancement over earlier model versions,
including improved representations of bio-geophysical and biochemical processes. Despite these
advantages, CLM 3.5 coupled with ParFlow remains valuable for studies requiring detailed lateral
subsurface flow and groundwater surface water interactions at fine spatial scales; therefore, this
configuration is used in this study. The model is driven using COSMO-REAG (Bollmeyer et al.
2024) atmospheric forcing data, which provide high-resolution regional meteorological inputs

suitable for hydrological simulations over Europe.

The spatial heterogeneity of the land surface in CLM is represented as a three-level sub-grid
hierarchy, including specific land units (including glaciers, lakes, wetlands, urban areas, and
vegetated areas), columns, and 16 plant functional types (PFTs) (Oleson et al. 2004). PFTs
include evergreen needle-leaf (boreal or temperate), deciduous needle-leaf (boreal), evergreen
broad leaf (temperate or tropical), deciduous broad leaf (boreal, temperate, or tropical), deciduous
shrub (boreal or temperate), evergreen shrub (temperate), grass (C3 Arctic, C3, and C4), and
crop. Each plant type has its own definition of leaf and stem optical properties and photosynthetic
parameters. The vertical soil/snow profile is represented by 10 soil layers and up to 5 snow

layers.

In CLM, the one-dimensional vertical water flow in the soils is calculated based on a modified

Richards equation:

w2 {k <%%+1>} (2.1)

where 0 is the volumetric soil water content (L3-L73), ¢ is the time, and z is the height (L)
(positive upwards), k represents the hydraulic conductivity (L-T~1), and p is the hydraulic
potential (L). The hydraulic conductivity k; (L-T~1) and the soil matric potential t; (L) for each
layer ¢ vary with soil water content 6 and soil texture (% sand and % clay) and their calculations
based on the work of Clapp et al. (1978) and Cosby et al. (1984). The hydraulic conductivity is

defined at the interface between two adjacent layers zj,; and calculated as:

0.5(01iq,i+0. ) 2Bi+3
. 9(0iq,it+01iq,i+1 .
k2] = kisat[2hi] {0.5(95a3,1+9s:t,1+1) l=is9 (2.2)
h,i Ouie s 2B;+3 .
ksat[zh,i] {qum] i =10
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where the 0;;, represents the liquid water content, and the saturated hydraulic conductivity
Esat[zni (L-T71) is calculated by:

Fsat[2ni] = 0.0070556 x 10~0-584+0.0158(%sand); {exp(_zh,i))} 2.3)
Zx
where 2z, = 0.5 m is the length scale for the decrease in k:sat[zh,i]. The water content at saturation

(fsat, porosity) and the exponent B are given by:

Baar,i = 0.489 — 0.00126 (%sand), (2.4)

B; = 2.91 4 0.159 (%clay), (2.5)

The land-atmosphere exchange fluxes are described by the Monin-Obukhov similarity theory
(Oleson et al. 2010). The evapotranspiration in CLM is defined as the sum of evaporation from
ground and vegetation. For the non-vegetated surfaces, the evaporation from ground E, is

calculated as:

E, = _ Patm * (Gatm — qg) (2.6)

Taw

where pam is the atmospheric air density (M- L™2), ga¢m is the atmospheric specific humidity
(M - M™1), g, is the specific humidity of the soil surface (M - M™1), and 74, is the aerodynamic
resistance to water vapor transfer (T - L™1). For the vegetated columns, the water fluxes from

the ground and the vegetation F, are calculated as follows:

Eg = *patm(qé;?g) (27)
Tau)

where 74, is the aecrodynamic resistance (T - L™!) to water vapor transfer between the ground

and the canopy air and g, is the canopy specific humidity (M - M~1).

(2.8)

Ttotal

where ¢, is the saturated specific humidity (M - M~!) at the vegetation temperature Ty, 74ora1
is the total resistance to water vapor transfer from the canopy to the canopy air, caused by both

the leaf boundary layer and stomatal resistance.
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2.1.2 ParFlow

The integrated, parallel, and three-dimensional variably saturated subsurface flow model ParFlow
has been developed over a long period by multiple institutions. The current development is
led by a collaboration between Princeton University, Lawrence Livermore National Laboratory,
Forschungszentrum Jiilich, Colorado School of Mines, University of Bonn, Washington State
University, and other universities and institutes. It is multi-platform and runs with a common
I/0O structure from laptops to supercomputers with excellent efficiency, which can handle a wide
range of applications, from small-scale hill-slope studies to high-resolution large-scale hydrologic
simulations (Maxwell et al. 2015). ParFlow was initially developed for simulating saturated fluid
flow and chemical transport in three-dimensional heterogeneous media (Ashby et al. 1996) and
has since expanded its capabilities. A two-dimensional distributed overland flow simulator was
incorporated into ParFlow, and the numerical methods were also improved (Kollet et al. 2006).
A terrain-following grid transform with variable vertical discretizations was implemented by
Maxwell (2013) to improve the model resolution in the shallow soil layers. ParFlow has been
widely used to study the coupling process between surface and subsurface flow. Many studies
analyzed the dynamic behaviour of groundwater and surface-subsurface inter-connectivity for
small catchments (e.g., less than 30 km?) (Kollet et al. 2006), larger catchments (e.g, over 600
km?)(Condon et al. 2013, 2014, 2019; Kollet et al. 2008; Soltani et al. 2022), to the continental
scale (Condon et al. 2015; Furusho-Percot et al. 2019; Naz et al. 2023; O’neill et al. 2021). The
model’s capabilities extend to complex terrains as demonstrated in applications for the Rocky
Mountain National Park, Colorado, USA (Engdahl et al. 2015), and even subsurface—surface and
atmospheric coupling (Rahman et al. 2015; Shrestha et al. 2014; Xu et al. 2023). ParFlow was
found to provide accurate results for the simulation of flows in surface and subsurface systems.
The ParFlow model can simulate in three different modes: variably saturated, steady-state

saturated and integrated watershed flows.

Variably saturated flow is calculated based on the following formulations of the Richards equation
(Celia et al. 1990):

S, Py =V q+gs 2.
SsS(p) % ) 9t a+gq (2.9)
a = —ksath: (p)V(p — 2) (2.10)

where S, is the specific storage coefficient (L™1), S(p) is the relative saturation as a function of the
pressure head p (L), t is time, ¢ is porosity, q is Darcy flux (L-T~1), ¢, is a general source/sink
term (T~!) (including wells and surface fluxes), ksq is saturated hydraulic conductivity (L-T~1),
and k, is relative permeability, and z represents the depth below the surface (L). The coupled
free-surface flow and subsurface flow in combination with heterogeneity are simulated under
variably saturated flow conditions (Kollet et al. 2010). An overland flow boundary condition is

employed when simulating surface and subsurface flow:

s
ot

=V (w) + g (211)
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where 15 is the surface ponding depth (L), v is the depth-averaged velocity vector (L-T71).
Considering the vertical flow, the equation (2.11) can be modified to include an exchange rate

with the subsurface ¢, as:

s
ot

=V (vs) + s + ge (2.12)

The implicit system is solved with the inexact Newton-Krylov method. More details can be
found in previous studies (Kollet et al. 2006).

An advantageous feature of ParFlow is that it transforms the topography into a structured grid
using the terrain-following grid formulation. The transformation incorporates a topographic

slope component to Darcy’s law:

Gz = ksin(0,) + k@ cos(f;), and
Ox

ap (2.13)

qy = ksin(6,) + ka—y cos(6y)

where ¢, and gy represent Darcy flux components, k = kyq¢k;, and the topographic slopes .S, and
Sy in the x and y directions may be presented as 0, = tan~! S, and 0, = tan—! Sy, respectively,

where 6 represents the local angle of topographic slope (Maxwell 2013).

2.2 Data assimilation

2.2.1 Ensemble Kalman Filter (EnKF)

The EnKF emerged as an advanced generalization of the traditional Kalman Filter (Evensen
1994), specifically for handling high-dimensional nonlinear systems. Based on a Monte Carlo
methodology, EnKF generates an ensemble of model trajectories, facilitating the estimation of
the temporal evolution of the probability density functions associated with model states and the

corresponding error covariances.

The EnKF methodology involves two main steps: the forecast step / and the update step *. The

forecast and analysis model state ensembles (X/ and X¢) are given as:

X/ = [x{,xg,.“x{d (2.14)

X% = [x?, x4, ..x%] (2.15)

where N represents the number of ensemble members. For each ensemble member, the forecast

step at time ¢ is calculated as follows:

xt =M (xtil, P, qt) (2.16)
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The model is represented by M, the parameter vector is denoted by p, and the model forcing vector
is represented by q. The ensemble of model states is generated by an integrative perturbation of
model parameters p (e.g., soil texture) and model forcings q (e.g., precipitation). This forecast
step is repeated N times for each ensemble member. Then the model state vector is updated
by:

X — xIt LK (yt _ yf,t) (2.17)

where K is the Kalman gain, y* is the observation vector, and y/t is the vector with the forecast

observations. The Kalman gain is calculated according to:

-1
K = C/H" (HC/HT + R) (2.18)

where C denotes the forecast error covariance, representing the uncertainty in the model, and R
is the observation error covariance, representing measurement uncertainty as specified by the

user. H is the observation operator that maps the model state space to the observation space.

We calculate C by:

cf = N_1 Z (x;t — it> (x;5 — it> (2.19)

where X! represents the average over the ensemble members.

Besides updating states, one can update both model parameters and states (Hendricks Franssen
et al. 2008). In this case, the augmented state vector is constructed by combining the unknown
model states x' and unknown model parameters p!. Let n, denote the dimension of the
state vector and n, the dimension of the parameter vector, while n, represents the number of

observations, such that:

X

p

€ R(w+m) (2.20)

Accordingly, the augmented forecast error covariance matrix C* is:

C* = |:CT1 C-TP:| c R(nw+n7,)x(nu;+np) (2.21)
sz Cpp

Here, the matrix Cxx and Cpp denote the covariance among states and parameters, respectively,
while Cxp and its transpose Cpx represent the cross-covariance between states and parameters.
The observation operator H* and Kalman gain K* are also extended to account for both states

and parameters:
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H* = {Hz HP] c R (natnp) (2.22)
K

K* = [ :| (2.23)
Kp

The H, represents the sensitivity of observations to model parameters, and is often assumed
to be zero. K; € R™*™ K, € R"»*™ and K, describe the contributions of the innovation
to the updates of states and parameters, respectively. After each analysis step, the updated
parameters are written back to the model parameter fields and propagated using a persistence
(constant) model. In the case of soil moisture assimilation with a standalone land surface model,
the updated sand and clay fractions are updated to recalculate the soil hydraulic properties for

the next forecast cycle.

In some cases, a damping factor («) is applied on the parameters to reduce the filter inbreeding
(Hendricks Franssen et al. 2008), which refers to the underestimation of the ensemble variance due
to a limited number of ensemble members. The updated equation for the joint state-parameter

estimation is:

X = xft* L oK <yt — yf’t> (2.24)

where « is a diagonal matrix with values between 0 and 1.

2.2.2 TSMP-PDAF

The Parallel Data Assimilation Framework (PDAF) (Nerger et al. 2005) has been coupled to
the TSMP by Kurtz et al. (2016), enabling efficient data assimilation with numerical models
within a parallelized data assimilation system. PDAF enables full parallelization of the data
assimilation framework by parallelizing both the forward ensemble simulations and the analysis
step. TSMP allows data assimilation for the land-surface model CLM and the subsurface/surface
flow model ParFlow. An online coupling approach is used to improve computational efficiency
by exchanging relevant states and fluxes between the ensemble and filter in memory, making
it suitable for large-scale problems. More technical background can be found in Kurtz et al.
(2016). Several filters are currently available for data assimilation, such as the EnKF, Local
Ensemble Kalman Filter (LEnKF), and Local Ensemble Transform Kalman Filter (LETKF). In
TSMP, several observations can be used for assimilation, including soil moisture and pressure. In
addition, a joint state-parameter update is also developed to estimate spatially distributed fields
of the Manning’s roughness parameter or saturated hydraulic conductivities (Kurtz et al. 2016)

and other van Genuchten parameters (Brandhorst et al. 2023).

Kurtz et al. (2016) explored the potential for large-scale applications of high-resolution models,
which are extremely computationally intensive. Studies by Baatz et al. (2017), Gebler et al.
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(2019), Naz et al. (2019), and Li et al. (2024) show that soil moisture estimates are improved after
assimilation of in-situ observations or satellite retrievals. Zhang et al. (2018) investigates the
assimilation of groundwater level alone or together with soil moisture in synthetic experiments,
Hung et al. (2022) and Li et al. (2023) further applied the methodology in real-world cases and
found that assimilating groundwater level and soil moisture improved the characterisation of the
subsurface status. Given the demonstrated effectiveness and reliability of the TSMP-PDAF, we

also used it in this study to perform hydrological simulations and data assimilation experiments.

2.3 Triple Collocation (TC) method

The TC analysis was initially introduced and applied in meteorology by Stoffelen (1998), which
enables the estimation of systematic and random errors in data obtained from three distinct
sources without requiring a reference dataset. The methodology assumes a linear relationship

between the soil moisture observations and the actual ground truth value  (Gruber et al. 2017).

SM; = 5;0 + «; + €5 (2.25)

where i € [z,y, 2] is one of the three collocated soil moisture datasets, a; and 3; represent the
additive and multiplicative biases of dataset i, respectively, while ¢; denotes the zero-mean
random error. Accordingly, the covariances between the two soil moisture datasets would be
given by
Cov (SMy, SMy) = E(SM,SM,) — E (SM,) E (SM,)
— BuBy03 + BaCov (0, 2,) (2.26)
+ By,Cov (0,e;) + Cov (eg, &)

Considering the following assumptions by Yilmaz et al. (2014), orthogonality of errors Cov (6, ¢;) =]
0, independence of errors Cov (¢4, ey) = 0, and an expected error F (g;) = 0, the equation (2.26)

can be reduced to:

Quy = Cov (SMy, SM,)
B {@gﬂyog for x # vy (2.27)

Bio}+o02 forz=y

. 2 2 2 . . .
Given that we have seven unknowns (8, By, Bz, 02,,0%,5 0%, 0p) in a system of six equations,

by introducing a new variable A\, = 8,09, the equation can be written as:

Az Ay for x £y
Quy = Cov (SMy, SM,) = (2.28)

)\g+o§z forx =y
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Figure 2.1: Overview of the research area a) location and b) topography.

2.4 Study area

The domain covers an area of 150 km x 150 km, including parts of western Germany (DE,
Deutschland), parts of Belgium (BE), the Netherlands (NL) and Luxembourg (LUX) (see
Fig.2.1). The climate in this region is controlled by the Atlantic Ocean, resulting in relatively
mild conditions in spite of its latitude. Figure 2.2 shows the mean monthly daily maximum
and minimum temperature together with precipitation data from 27 weather stations in North
Rhine-Westphalia [Source: WorldData.info, retrieved on 10/03/2024, https://www.worlddata.
info/europe/germany /climate-north-rhine-westphalia.php]. All data are monthly averages of
the last 20 years. The model domain has very heterogeneous topography and land cover types.
The central and southern parts of the domain are characterized by the hilly terrain of the Eifel
regions with mountain ridges that are separated by narrow valleys. In contrast, the northern
and northwestern parts of the domain are characterized by flat lowland regions. The elevation
ranges from the plains at around 14 m a.s.] to the mountainous regions at around 735 m.
The variability in topography influences the spatial distribution of precipitation. While the
mountainous regions receive an average yearly precipitation of up to 1300 mm in the Eifel region
(southwest) and up to 1600 mm in the Bergisches Land (northeast), the flat areas have an average
yearly precipitation between 600 and 900 mm. Agriculture is the major land use type in this
research domain, especially in the lowland areas. Major crops include winter wheat, maize, and
sugar beet. The forest areas are mainly distributed in the mountainous areas, such as the Eifel
region and Bergisches Land. Urban areas are mainly located along the Rhine Valley. Based on
the FAO-UNESCO Soil Map of the World classification, clay loam is the most predominant soil
texture in this model domain, followed by loam (e.g., Rhine Valley and Eifel regions), sand (the
northwestern part of the domain), and clay. This study area was selected due to its heterogeneity
in topography and soil properties, which provide a suitable test-bed for an integrated land
surface-subsurface modelling. Furthermore, this region is well instrumented with a dense network

of in situ observations. COSMOS-Europe (Bogena et al. 2022) stations and distributed in situ soil


https://www.worlddata.info/europe/germany/climate-north-rhine-westphalia.php
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moisture sensors offer valuable soil moisture information at multiple spatial scales. In addition,
several Integrated Carbon Observation System (ICOS) sites are available within the domain,
providing high-quality measurements of land-atmosphere fluxes. This observational data supports

comprehensive model evaluation.
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Figure 2.2: The mean monthly daily maximum temperature (red) and mean monthly daily
minimum temperature (blue) and precipitation collected from 27 weather stations
in North Rhine-Westphalia for the period 2003 to 2023.

2.5 Soil Moisture Active Passive (SMAP)

The Soil Moisture Active Passive (SMAP) satellite, launched in January 2015, is an Earth science
satellite designed to provide high-resolution global measurements of soil moisture and freeze-thaw
conditions (Entekhabi et al. 2010a). SMAP was originally designed with both a radar and a
radiometer; however, following the radar failure in July 2015, soil moisture retrievals have relied
solely on the radiometer. The SMAP radiometer measures brightness temperature at a spatial
resolution of approximately 36 km. Using radiative transfer models, the soil moisture is retrieved
and can be enhanced to 9 km through interpolation techniques. The SMAP satellite provides
near-global coverage every 2-3 days, with an exact 8-day orbit (Entekhabi et al. 2010a). This
data is valuable for a variety of applications, including hydrological modelling, land surface

modelling, and climate research.

SMAP products are available in four different levels. Level 1 (L1) data are instrument data
(from radar or radiometer) based on half orbits. Level 2 (L2) data are geophysical retrievals from
L1 (Colliander et al. 2017). Level 3 (L3) products are global daily composites. The L4 products
are value-added products generated through the integration of a land surface model and the
assimilation of the SMAP data. Following the radar failure, the SMAP Enhanced Passive Soil
Moisture products (L2_SM_P_FE and L3_SM_P_E) are developed using radiometer brightness
temperature observations and the Backus—Gilbert optimal interpolation technique to improve
spatial resolution (Chan et al. 2018). L3_SM_P_E is a daily composite product, which is

generated from L2__SM_P_E over a one-day composite.
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In this Ph.D. research, we used the L3_SM_ P_E product, which provides soil moisture data
on a 9 km grid (National Snow and Ice Data Center (NSIDC), https://nsidc.org/data/smap/
smap-data.html). The temporal coverage spans from April 2015 to the present. The performance
of this enhanced product has been evaluated against long-term in situ soil moisture observations,
with a mean Unbiased Root Mean Square Error (ubRMSE) (ubRMSE) of approximately 0.055
cm?® / cm® (Chan et al. 2018; Kim et al. 2018; Li et al. 2018a; Stillman et al. 2018; Wang et al.
2021). Comparative studies have generally shown that the performance of the SMAP mission
outperforms the SMOS mission in many regions and conditions (Chen et al. 2018; Chen et al.
2017b; Ma et al. 2019). This advantage is also reflected in DA studies, where SMAP products
have demonstrated a greater potential to improve LSM simulations compared to SMOS data
(Blyverket et al. 2019; Mousa et al. 2020a).


https://nsidc.org/data/smap/smap-data.html
https://nsidc.org/data/smap/smap-data.html




The importance of subsurface processes in land
surface modeling over a temperate region: An
analysis with SMAP, Cosmic Ray Neutron
Sensing and Triple Collocation analysis.

*adapted from: Zhao, H., Montzka, C., Baatz, R., Vereecken, H., & Franssen, H. J. H. (2021).
The importance of subsurface processes in land surface modeling over a temperate region: An
analysis with SMAP, Cosmic Ray Neutron Sensing, and Triple Collocation analysis. Remote
Sensing, 13(16), 3068.

3.1 Introduction

Soil moisture exerts an important control on the water and energy cycles in the atmosphere-land
surface-subsurface continuum. Therefore, improving soil moisture estimation is beneficial for
understanding the partitioning of water and energy fluxes. Soil moisture variability in the
unsaturated zone is affected by water exchanges between the unsaturated zone, atmosphere, and
groundwater. Studies have been focused on the effects of groundwater dynamics on land surface
processes, showing the role of the groundwater in the water and energy cycles (Hidayat et al.
2017; Sulis et al. 2018). Results indicate that groundwater has little impact on soil moisture in
deep groundwater regions; however, in districts with shallow groundwater, such as wetlands and
river valleys, groundwater can become a major source of soil water (Chen et al. 2004; Ochoa
et al. 2009; Zipper et al. 2015). The groundwater table depths and hydraulic gradients between
saturated and unsaturated soils can cause capillary rise and make groundwater a constant water
supply, leading to altered runoff and evaporation rates (Appels et al. 2017; Johnson et al. 2010).
The land surface energy balance is affected by soil moisture states and land surface temperature
(Alkhaier et al. 2009, 2012; Martinez-de la Torre et al. 2019).

Despite the importance of subsurface flow, most current LSMs neglect the lateral flow between
grid cells or at sub-grid scales and only consider the water exchange in the vertical direction. Such
models include the Variable Infiltration Capacity (VIC) model, the Interaction Soil Biosphere
Atmosphere (ISBA) land surface scheme, Noah Land Surface Model(CLM). Recently, some works
have considered the role of lateral subsurface flow and developed three-dimensional hydrological
models coupled with LSMs, such as CATHY (CATchment HYdrology), NoahMP (Niu et al.

19



20 Chapter.3

2014a), VIC-MD (MODFLOW) (Sridhar et al. 2018), and CLM-ParFlow (Kollet et al. 2008).
These models aim at simulating the subsurface water and energy cycles more realistically than
uncoupled models. However, model predictions are affected by errors given the uncertainty of the
many required input parameters, e.g., atmospheric forcing, soil texture, and vegetation properties
(Dumedah et al. 2014). Precise soil hydraulic parameter data and land cover type information are
hard to obtain, as most areas lack sufficient land surveys. Also, the model structure and further
assumptions influence the simulation performance. A large number of parameters used in land
surface models are hard-coded as constants, although they are calculated by linear regression
from preliminary studies using a limited amount of data and known to be uncertain (Cuntz et al.
2016).

Soil moisture can be measured via automated techniques such as gravimetric methods, nuclear
techniques (such as neutron scattering, Gamma ray attenuation), electromagnetic methods (e.g.,
the time domain reflectometry TDR and the frequency domain reflectometry FDR), tensiometers,
and hygrometry (Babaeian et al. 2019; Hanson 2009; Walker et al. 2004). However, most sensors
monitor soil moisture at point scales (radius less than 1 m) only. As soil moisture is very
heterogeneous in space and time, one usually needs to collect data from multiple locations in a
specific area (Montzka et al. 2020). To reduce the scale gap between remote sensing products and
modelling results and to obtain area-averaged soil moisture, a new technology has emerged with
the CRNS. It measures neutron count intensity and determines soil moisture in a non-invasive
and continuous way (Franz et al. 2012b). The omnipresent cosmic radiation produces neutrons
that interact with the atmosphere and ground. These secondary neutrons include fast neutrons,
which are generated by collisions between high-energy neutrons and nuclei. Fast neutrons are
easily moderated by hydrogen atoms. As soil is the main source of hydrogen, the variations of
fast neutrons are strongly related to soil moisture changes. The process of moderation can be
captured and counted by cosmic-ray neutron sensors (Zreda et al. 2008, 2012). The large spatial
footprint makes it suitable for agricultural water resources management and remote sensing
product validation (Montzka et al. 2017).

Two innovative satellite missions that include L—band (1200-1400 MHz) passive microwave
systems have already been launched, including SMOS (The Soil Moisture and Ocean Salinity
mission, launched in November 2009) (Kerr et al. 2010) and SMAP (The Soil Moisture Active
Passive mission, launched in January 2015 and starting operations in April 2015) (Entekhabi
et al. 2010a). Both SMOS and SMAP aim to measure soil moisture globally. After SMAP radar
stopped operation in July 2015, an enhanced product was developed to give high-resolution
observations at 9 km resolution. This enhanced product was evaluated by comparing it with
long-term in situ soil moisture data (Chan et al. 2017; Zhang et al. 2019¢). It was found that
the average ubRMSE (unbiased Root Mean Square Error) in L2_SM_P_E (Level 2 Enhanced
Passive Soil Moisture) product and L3_SM_P_E (Level 3 Enhanced Passive Soil Moisture)
product are between 0.040 ~ 0.055 cm® / cm?® (Colliander et al. 2017, 2021; Zhang et al. 2019¢),
which barely meets the accuracy requirements of the SMAP mission. A number of previous
studies have compared SMAP products and/or model simulations with in-situ observations.
El Hajj et al. (2018) evaluated SMAP soil moisture products at sites in Southwestern France

and found that the average bias over stations was about —0.032 cm?® / cm?, indicating SMAP
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moderately underestimates the soil moisture compared to in situ observations. Walker et al.
(2019) compared SMAP soil moisture with validation sites in the South Fork River watershed in
Towa, U.S., and found that the bias could be up to —0.04 cm® / cm?® in early-spring and late fall
and improve to —0.02 cm?® / cm?® in the summer time. At global scale, a study indicated that
SMAP shows a dry bias (Kim et al. 2018). Recently, a new COSMOS network is developed to
provide a unified, standardized, publicly available, traceable and objective validation procedure
that is operational in ISMN and the QA4SM online validation service for soil moisture products
(Bayat et al. 2021). In this platform, soil moisture from ERA5, ERA5-Land, and GLDAS are
provided for validation, but subsurface processes are not considered (Bayat et al. 2021). As
mentioned, SMAP was only compared to soil moisture simulated by stand-alone land surface
models that have a rather simple subsurface structure and do not consider the role of groundwater
and lateral flows (Bi et al. 2016; Li et al. 2018a; Pan et al. 2016), which could lead to systematic
deviations. Studies show that soil moisture can be overestimated when the representation of
topography in LSMs is simplified or insufficient (Forrester et al. 2020; Soulis et al. 2000). Also,
previous studies focused mostly on large scales and simulations at a coarser spatial resolution
(Albergel et al. 2012; Duygu et al. 2019; Montzka et al. 2017).

To find relative error estimates for different products, the Triple Collocation (TC) method is
used, which is an error magnitude estimation approach for inter-comparison among three or more
independent observed or modelled datasets (Stoffelen 1998). The method was first used for ocean
wind studies and then developed and widely used in other areas, such as land surface hydrology
(Caires et al. 2003; Chen et al. 2016; Gruber et al. 2017, 2016; McColl et al. 2014; Roebeling
et al. 2012). It has been proven to be a useful tool to understand the random error variances of
remote sensing time series. It assumes one of these datasets as a reference to relative re-scaling,
and further assumes truth-error orthogonality and zero error cross correlation between datasets
to obtain a bias-free TC analysis (Chen et al. 2016; Gruber et al. 2017; Yilmaz et al. 2014).
Here, we present simulated soil moisture by CLM and the CLM-ParFlow coupled model and
compared it with CRNS observations and SMAP enhanced soil moisture datasets using the TC
method. Compared to the CLM model, CLM-ParFlow considers three-dimensional water flow in
the subsurface (soil and aquifer) and a two-dimensional overland flow module. It is investigated
whether a better subsurface representation can improve soil moisture estimates. The research
area has various land use types, and various pedological, hydrological, and hydrogeological site
conditions were observed. These small-scale hydrological processes can provide insights for
large-scale modelling. This research aims to understand the performance and limitations of
the subsurface role in land surface model simulations, which might recall the need to consider
hydrogeology (including complex 3D geology and critical parameters like hydraulic conductivity
and storage coefficients) in soil-vegetation-atmosphere processes, and to obtain more accurate

soil moisture and groundwater level data.


https://www.geo.tuwien.ac.at/insitu/data_viewer/
(https://qa4sm.eu/)
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3.2 Materials and methods

3.2.1 Study area

The study area is located in central Europe, encompassing parts of North Rhine-Westphalia
and Rhineland-Palatinate in western Germany and parts of Belgium, the Netherlands, and
Luxembourg, covering an area of 150 km x 150 km (see Figure 3.1). This region has a sub-
Atlantic oceanic climate. Summers are mild, while winters are humid and relatively mild. The
average monthly temperatures are highest in July (18 °C) and lowest in January (3 °C). There
is a large spatial variability in precipitation due to topography. In the rather flat Lower Rhine
area in the North of the study region, the yearly precipitation is between 600 mm and 900 mm
(Kreklow et al. 2020). In the southern low mountain ranges, the average yearly precipitation is
locally 1600 mm in the Bergisches Land (North East) and 1300 mm in the Eifel (South West).
The rainfall is frequent and evenly distributed over the seasons. The elevation in this area ranges

from the plains at around 14 m a.s.l. to the mountainous areas at around 735 m.

52.5°N - il

DE

50°N

Topography Height : m

5°E 7.5°E 10°E 12.5°E

Figure 3.1: The research area and thirteen CRNS locations (denoted as black triangles).

The land use is a mixture of agricultural areas, forests, urban and rural areas, water, grassland,
industry, and mining (Sulis et al. 2018). The dominant land use is agriculture, covering more
than 60 % of the area (shown in Figure 3.2). The major crops are winter wheat, maize, and
sugar beet. Forests cover nearly 20 % of this area and are mainly located in the south, i.e., Eifel,
Bergisches Land, and Sauerland. The dominant soil textures are sandy loam, loam, and clay
loam, and our simulations are based on the FAO/UNESCO Soil Map (Batjes 1997). Sandy soils

with low water holding capacities are mainly located in the Northwest region.

This research area has three solid rock areas of regional importance (Herrmann et al. 2015). The
largest part is Palaeozoic rocks located in the southern and eastern part, having the dominant
aquifer typology “schist and shales” that includes folded and partly metamorphosed clastic
sedimentary rocks. This part has a low hydraulic conductivity. The north-eastern part is
mainly occupied by unconsolidated rocks of the Cenozoic era, including alternating sequences of

clastic sedimentary rocks horizontally. In this region, hydraulic conductivity varies significantly
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Figure 3.2: Map of the North Rhine-Westphalia (NRW) domain for (a) soil texture and (b)
plant functional types. The soil textures are divided into sandy loam (SL), loam (L),
clay loam (CL), and clay (C). The PFT ‘s are defined as: 1- needle-leaf evergreen
tree (NET), 2-needle-leaf deciduous tree (NDT), 3-broad-leaf evergreen tree (BET),
4-broad-leaf deciduous tree (BDT), 5-broad-leaf deciduous shrub (BDS); 6-grassland
(GRASS), 7-crop (CROP), 8-barren soil (BARE).

depending on the composition and arrangement of the different sediment layers. In the western
part, the dominant aquifer rocks are mostly consolidated, weakly permeable material from the

Mesozoic.

Soil moisture validation activities have been performed in this area before based on in situ and
CRNS data (Hasan et al. 2014; Kerr et al. 2010; Montzka et al. 2013, 2016) as well as simulation
and data assimilation experiments (Baatz et al. 2017; Han et al. 2014, 2013; Shrestha et al.
2014).

3.2.2 Data
3.2.2 (a) Land surface modelling

Soil moisture was simulated by the land surface model CLM and the coupled land surface-
subsurface model CLM—-ParFlow. The CLM model was developed by the The National Center for
Atmospheric Research (NCAR). In the CLM 3.5 model, the soil is discretized into 10 unevenly
distributed soil layers (see Table 3.1). Soil hydraulic properties are estimated internally from soil
texture (sand fraction and clay fraction) using pedo-transfer functions according to Clapp et al.
(1978) and Cosby et al. (1984). A simplified Richards equation is used in CLM to calculate the

vertical water movement in the unsaturated zone:

00 0 Ao+ 2)

E =9 [ksat . 92 :| +¢s (31)
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where % is the soil moisture [-] change over time, ksq represents the saturated hydraulic

conductivity [L-T~!], ¢ is the soil matric potential pressure head (unit is defined as length [L],
z as the vertical coordinate [L] and g5 is the source / sink term (i.e., the soil water removed
due to evaporation). A main limitation of CLM 3.5 is that lateral flows are not considered,
and groundwater is not represented, although groundwater can strongly influence soil moisture

conditions.

Table 3.1: Soil layer depth in CLM model.

Layer 1 2 3 4 5 6 7 8 9 10
Depth (m) 0.010 0.035 0.075 0.135 0.235 0.400 0.650 1.050 1.650 2.500

ParFlow (Maxwell et al. 2005) is a numerical, integrated hydrological model that simulates
subsurface groundwater flow and water flow in soils, as well as overland flow. Both retention and
relative permeability curves are represented by the van Genuchten relationships (Van Genuchten
1980). ParFlow does not include land surface processes (e.g, evaporation), nor does it have
a parameterization scheme for frozen soil and ice processes. In addition to the DEM dataset
used in CLM, the topographic slopes need to be specified for ParFlow. When coupled with
CLM, ParFlow replaces the one-dimensional CLM soil moisture characterization by the three-
dimensional approach in CLM-ParFlow, considering the redistribution of soil moisture, and

integrating vertical and lateral flow of groundwater and surface water.

SuSp 9L + 95—V <[tk (1) V(0 — 2)] = gy (32
In this equation, Sy is the specific storage coefficient (L~1), S, is the relative saturation, ¢ is the
porosity, k, is the relative permeability [-]. The subsurface is discretized into 30 layers, with 10
vertically layered near the surface (2 — 100 ¢cm) and 20 constant levels (135 cm depth) that reach
up to 30 m below the surface. The physically based coupled model (CLM-ParFlow) can better
simulate the role of groundwater in terrestrial systems, and the interaction between surface water
and subsurface (Maxwell et al. 2005).

To represent the high spatial heterogeneity of the land surface, the simulation domain was
discretized into grid cells of 500 m x 500 m. The plant functional types (PFTs) were based on
MODIS land cover data. The hilly areas are mostly covered by broad-leaf forest and needle-leaf
forest, while the other flat regions are covered by crops and urban areas. Soil texture information
was taken from the FAO/UNESCO Soil Map (Batjes 1997) with the scale of 1: 5,000,000 (see
Figure 3.2). Most of the model domain is dominated by clay-loam (35 % clay, 35 % sand, 30
% silt). Sandy loam (10 % clay, 65 % sand, 25 % silt) and loam (20 % clay, 40 % sand, 40 %
silt) are dominant in the north-western part. Clay (45 % clay, 15 % sand, 40 % silt) is found
in the northwestern corner of the domain. The van Genuchten water retention parameters and
the hydraulic conductivity used in CLM-ParFlow are calculated by the Rosetta pedo-transfer
function (Schaap et al. 2001), summarized in Table 3.2.

To drive the model, the high-resolution reanalysis dataset (COSMO-REAG) (Bollmeyer et al. 2015)

was used as meteorological forcing. This dataset covers the period 1995 — 2020 and is continuously
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Table 3.2: Subsurface hydraulic properties used in CLM-ParFlow simulations.

Parameter Clay Clay loam Loam Sandy loam
ksat (m hfl) 0.0062 0.0034 0.0050 0.0158

a (m™h) 2.1 2.1 2.0 2.7

n 2.0 2.0 2.0 2.0

Osat 0.4701 0.4449 0.4386 0.4071
Ores 0.21 0.17 0.15 0.10

supported by DWD (Deutscher Wetterdienst, German Meteorological Service). It uses ERA-
Interim data as a boundary condition and is generated by assimilating observed meteorological
data into the atmospheric model COSMO (the Consortium for Small-scale Modelling) (Baldauf
et al. 2011). The dataset comprises air temperature, precipitation, humidity, incoming shortwave
and longwave radiation. A 2-year spin-up period was applied for CLM, and the initial conditions
for CLM-ParFlow were taken from previous studies (Shrestha et al. 2014; Sulis et al. 2018).
Both simulations with CLM and CLM-ParFlow started from a near-equilibrium condition. Thus,
different spin-up treatments do not have an influence on results. In total, a period of two years
(2017-2018) was simulated with a time step of 3600 s. In case of convergence issues, the time

steps are reduced until convergence can be achieved.

The simulated soil moisture for the upper 5 cm layer (SMscy,) and the upper 20 cm (SMagerm )
were derived by vertically averaging the model output (H20SOI;, where 4 is the index denoting
the soil layer) across the corresponding depth intervals. The weights are based on the fractional
contribution of each soil layer to the target depth, accounting for the thickness of each model
layer:

SMsem = 0.14 x H20SOI; + 0.56 x H20SOI; 4 0.30 x H20SOI3 (3.3)

SMagem =0.0165 x H20SOI; + 0.0651 x H20SOI>+

(3.4)
0.1451 x H20SOlI3 + 0.2770 x H20SO0I,

3.2.2 (b) CRNS observations

The CRNS is an emerging technology to monitor soil moisture at the intermediate scale (Franz
et al. 2012b; Zreda et al. 2008). The measured neutron count intensity provides an estimate
of soil moisture content for a radius of around 240 m, at sea level and dry bare soil conditions.
The radius is a function of air density, air humidity, and vegetation density (Kohli et al. 2015).
The penetration depth of the CRNS measurements varies from 15 cm (wet soils) to 55 cm (dry
soils) (Schron et al. 2017b). The neutron count intensity is mainly sensitive to the number of
hydrogen atoms in the soil, but is also influenced by changes in atmospheric pressure, vapor
pressure, and incoming cosmic radiation. These factors are considered in the standard correction
process (Baatz et al. 2015; Jakobi et al. 2018).

Several studies have been conducted to investigate the accuracy of the CRNS measurements and
found that CRNS provides reliable soil moisture estimates when calibrated properly (Bogena
et al. 2013; Tian et al. 2016; Zhu et al. 2016). Bogena et al. (2018) found that even for a densely
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vegetated and wet site, the RMSE of daily soil moisture estimated by CRNS is only 0.03 cm® /
cm?. In our work, thirteen CRNS stations are used to evaluate SMAP and soil moisture model
products (see Figure 3.1). The datasets are collected in the context of the TERENO project
(Bogena 2016) and passed quality assurance procedures. We acknowledge that the effective depth
of CRNS is dependent on soil moisture and also on the depth of the calibration dataset. Our
CRNS calibration and validation used individual support volumes of samples from 5 cm, 20
cm, and 50 cm based on the gravimetric method. We calculate the penetration depth based on
a previous study (Franz et al. 2013) and found that the effective penetration depth is mostly
between 15 cm ~ 30 cm in our research area and period. The mean and median of penetration
depth are 20.3 cm and 18.6 cm, respectively. Hence, we assumed that the CRNS has an effective
penetration depth of 20 cm. Table 3.3 provides more information about the CRNS stations.

Table 3.3: Coordinates, altitude (m), average annual precipitation (mm y~!), land use type

information for 13 sites.

Alt. Precip. Clay Sand Bulk density
Name Lat. Lon. (m)  (mm) Land use (%) (%) (g cm™?)
Merzenhausen  50.9303  6.29747 94 825 Crop 22 21 1.39
Aachen 50.7986  6.02472 232 952 Crop 23 22 1.20
Selhausen 50.8659  6.44719 Crop 24 16 1.26
Heinsberg 51.0411 6.10424 57 814 Grassland, crop 19 18 1.27
Wiistebach 50.5049 6.33092 605 1401 Spruce 23 19 0.83
Gevenich 50.9892  6.32355 108 884 Crop 20 22 1.31
Rollesbroichl 50.6219 6.30424 515 1307 Grassland 23 22 1.09
Rollesbroich2 50.6242  6.30514 - - Grassland - - 1.09
Ruraue 50.8623 6.42734 102 743 Grassland 26 19 1.12
Wildenrath 51.1327  6.16918 76 856 Needleleaf forest 12 65 1.15
Kall 50.5013  6.52645 504 935 Grassland 22 20 1.31
Schoeneseiffen  50.5149  6.37559 - - Grassland 24 16 1.11
Kleinhau 50.7224  6.37204 - - Grassland 25 15 1.12

3.2.2 (c) SMAP Enhanced Soil Moisture L3_SM_P_E product

SMAP provides soil moisture observations of the top 5 cm of the soil and thaw/freeze states
derived from the passive microwave brightness temperature (BT). BT is recorded by a conically-
scanning antenna beam at L-band with a 40° incidence angle. This results in a —3 dB antenna
footprint of 40 km. To enhance the resolution of the typically 36 km SMAP radiometer data
posting, the Backus-Gilbert optimal interpolation technique is used to interpolate the multiple
scans of a single location. It makes the most use of the available information and provides a

better representation of the original data (Chan et al. 2017).

In this study the L3_SM_P_E product (version 4) was used, which provides soil moisture on a
9 km EASE2 (Equal-Area Scalable Earth-2) grid (National Snow and Ice Data Center NSIDC,
https://nsidc.org/data/smap/smap-data.html (accessed on 1 August 2021). The soil moisture
baseline retrieval algorithm in L3_SM_P_E product is performed by the vertical polarization
single channel algorithm (SCA-V) (https:$//$nsidc.org$/$data$/$smap$/$technical-references,


https://nsidc.org/data/smap/smap-data.html
https:$//$nsidc. org$/$data$/$smap$/$technical-references
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accessed on 1 August 2021). The L3_SM_P_E product is provided in the form of global
daily datasets, including soil moisture measured for the 6:00 a.m. (descending) and 6:00 p.m.
(ascending) orbit. Here, the soil moisture daily value is calculated by taking the average of the
two datasets. To eliminate the non-high-quality pixels, the surface and quality flags are used

(retrieval qual flag and surface flag).

3.2.3 Methods
3.2.3 (a) Data processing

Both 2017 (normal year) and 2018 (dry year) were selected to be evaluated for all datasets. In
order to avoid unreliable soil moisture observations during frozen conditions and snow cover, the

winter period (December, January, and February) was excluded.

The model simulations are sampled onto the SMAP grid by nearest neighbor (NN) search.
Compared to area-wide space-borne observation and model simulation results, the CRNS stations
are quite sparse. As the spatial coverage of measurements by a CRNS is close to the model grid
size in this work, CRNS observations are compared to a complete cell of the CLM, CLM-ParFlow,
and SMAP grid containing the coordinates of the CRNS stations.

The SMAP product and the model grids are at different spatial resolutions (9 km vs. 500 m), and
a comparison between SMAP soil moisture and modeled soil moisture is made at both resolutions.
The fine resolution (model grid) provides a detailed assessment of the spatial variability, and
the coarse resolution (SMAP grid) gives a smoothed representation, excluding local noise. The
comparison at the 9 km resolution is made by taking the arithmetic average of simulated soil
water content data on the 500 m grid to get modeled values at the 9 km resolution (upscaling).
The comparison at the 500 m resolution is made by downscaling the SMAP data, using the
nearest source to destination to remap from 9 km resolution to 0.5 km resolution. In this case,
for each model grid cell, it takes the value from the nearest SMAP grid cell. This is done by
ESMF (Earth System Modeling Framework) regridding function in NCL (NCAR Command
Language).

3.2.3 (b) Standard evaluation metrics

Statistical performance was evaluated according to Good Practices Guidelines (Gruber et al.
2020; Montzka et al. 2020), including bias, Root Mean Square Difference (RMSD), and unbiased
Root Mean Square Error (ubRMSD). The bias is given by

n

1
bias = = > (Xi = Xiref) (3.5)

i=1

where X; represents a simulated or remotely sensed product, and X .y is the referenced soil

moisture dataset. The sample size is n.
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The Root Mean Square Deviation (RMSD) is given by

RMSD —$ Z (X; = Xires)® (3.6)

and the unbiased root mean squared difference (ubRMSD) is

ubRMSD = v/ RSM D? — bias? (3.7

The correlation between different soil moisture datasets (X and Y') was calculated using the
Pearson correlation coefficient (rxy). Here, the focus is on the dynamics of the different time
series rather than absolute soil moisture values, considering the fundamental scale mismatch
between the CRNS, SMAP, and LSM model grids, which cannot be adequately considered
without complex scaling functions. The ubRMSD and rxy screen out the influence of bias

between different amplitudes of soil moisture variation (Entekhabi et al. 2010b).

rxXy=——""— (3.8)

where cov(X,Y) represents the covariance between two datasets, ox and oy are the standard

deviations for dataset X and Y.

3.2.3 (c) Triple Collocation (TC)

The method is based on the assumption that a measurement system can be understood as being
composed of an additive systematic error («;), multiplicative systematic error (5;), additive

zero-mean random error (g;), and 6 (the underlying truth value) Gruber et al. 2017.

i:ai—l—[)’i@-i-ai,ie[X,Y,Z} (3.9)

X, Y, and Z denote the time series of soil moisture products to be compared. Here, the
assumption is that the errors are uncorrelated with each other (cov (g;,¢;) =0, # j) and with 6
(cov (g4,0) = 0). It applies to both reference datasets and soil moisture products to be evaluated.
Given that all observation data have errors, in this study, we assumed that X is the reliable
CRNS dataset, which is well calibrated and without multiplicative (second-order) error, Z is the
SMAP L3 enhanced product, and Y denotes the soil moisture in the upper 5 cm of CLM and
CLM-ParFlow simulations. The (3, is set to 1, and other scaling factors are calculated according
to equations 3.10 - 3.12 to eliminate the scale differences of different products. This assumption
was also made in other studies (Gruber et al. 2020, 2016; Scipal et al. 2008).

Bx =1 (3.10)

By = % (3.11)
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cov(X,Y)

Bz = co0(Z,Y) (3.12)

The scaling factor can be regarded as a form of regression, by taking a third variable as a tool to
resolve the relationship between the two variables (Su et al. 2014). It can be used to describe
the soil moisture sensitivities. The unscaled error variances, which represent the variance of the

scaled white noise of each product, can be solved by

o2 = |var(X) - C"'“()i;j();f’g()X’ z )‘ (3.13)
o2y = |var(Y) — COU(};’OUX();?Z()K 2) ’ (3.14)
02, = |var(2) - COU(Zc;)z:();,O;((?X)‘ (3.15)

In addition, the signal-to-noise ratios (SNRs) are calculated, which provides a clearer representa-
tion of the ratio between soil moisture and uncertainty magnitude (Gruber et al. 2020). It is a
combination of several information sources, including the sensitivity of the measurement system,
the variability of the true value (%), and the variability of the random error (¢2)(McColl et al.
2014). SNRs are not normalized to the range from 0 to 1, but are often expressed in decibel (dB)

it
units SN Ry = —10log( var(X)cov(Y,Z) 1‘) (3.16)
X = o9 cov(X,Y)cov(X, Z) .
o var(Y)cov(X, Z) _ ‘
SNRy = —10log(| - . X)eou(Y. 2) 1)) (3.17)
- var(Z)cov(X,Y) ‘
SNRz = —10log( coo(Z X)con(Z.Y) 1)) (3.18)

3.3 Results and discussions

3.3.1 Agreement between space-borne and in situ observations

Table 3.4 shows that the SMAP L3_SM_P_E product and CRNS observations have, in general,
a relatively good agreement. The detailed time series of soil moisture from SMAP, CRNS, and
LSMs at 13 sites are provided in Appendix 3.6. The SMAP product and CRNS show, on average,
not large systematic differences, while previous studies (Colliander et al. 2021; Montzka et al.
2017) found that SMAP tends to underestimate soil moisture compared to CRNS measurements
at most sites. In terms of the average r value, the SMAP is relatively well correlated to CRNS,
ranging from 0.653 to 0.825, except for Ruraue station (r = 0.452). The Ruraue station is located
near the Rur river, and part of the closest SMAP pixels contain some amount of open fresh
water. The presence of open water introduces a soil moisture bias due to the lower brightness

temperature for the grid cell. This may partly explain the low r for the Ruraue station.

However, it should be noted that local differences are large. One reason is that the CRNS
footprint is still much smaller than a 9 km SMAP pixel. This spatial mismatch could lead to



30 Chapter.3

Table 3.4: Comparison metrics for the SMAP L3_SM_E_ P product compared to CRNS.

Name Bias RMSD ubRMSD r

Merzenhausen  0.076 0.096 0.059 0.674
Aachen -0.003 0.049 0.049 0.768
Selhausen 0.031 0.066 0.059 0.653
Heinsberg 0.070 0.091 0.057 0.668
Wiistebach -0.120 0.133 0.057 0.752
Gevenich 0.067 0.088 0.058 0.684
Rollesbroichl ~ -0.023 0.060 0.055 0.741
Rollesbroich2  -0.053 0.077 0.055 0.708
Ruraue 0.030 0.080 0.075 0.452
Wildenrath 0.133 0.143 0.053 0.654
Kall -0.072 0.086 0.047 0.825
Schoeneseiffen  -0.055 0.079 0.056 0.718
Kleinhau -0.018 0.051 0.048 0.789
Average 0.005 0.085 0.056 0.699

differing soil hydraulic parameters and land cover between CRNS and SMAP observations (see
Tables 3.3 and 3.5), causing lower correlation between the two soil moisture datasets. It is also
important to consider that the satellite observations are negatively impacted by high vegetation
density, topography, frozen soil, snow cover, and volume scattering effect in the case of low soil
moisture content. The retrieval under dense forest is challenging or impossible since the recorded
signal (brightness temperature) originates to a large extent from the canopy instead of the soil
microwave emissions (Dubois et al. 1995; Li et al. 2019). When vegetation density increases, the
impact of soil moisture on changes in ground emissivity becomes invisible; hence, the contribution
of the ground is less than from the canopy. A large bias is observed in Wildenrath, where the land
cover type is needle leaf (forest). Moreover, topography as well as surface roughness increases the
surface area and alters the total microwave emission. In addition, it is also found that areas with
complex topography are prone to shadowing and adjacency effects (Mialon et al. 2008; Talone
et al. 2007).

It should be noted that the soil organic matter content is high at the Wiistebach site, and there is
a large difference in the bulk density between ancillary data (1.3 g/cm?) and the actual observed
value (0.83 g/cm?). In the single-channel algorithm used by SMAP to retrieve soil moisture,
the dielectric mixing model plays an important role in describing the relationship between soil
moisture and microwave emissivity. The higher ancillary bulk density assumes a more mineral soil
composition in the dielectric mixing model. A recent study has found that high levels of organic
matter decrease the microwave effective dielectric constant and therefore cause higher brightness
temperature for a particular soil moisture content (Park et al. 2019). The observed brightness
temperatures may be higher than expected by the retrieval model, causing the algorithm to

interpret the signal as drier soil conditions and thereby underestimate soil moisture.
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Table 3.5: Ancillary datasets used in the SMAP soil moisture retrieval algorithm. Notice that
altitudes differ from Table 3.3 for the sites because here we list the altitudes used by

SMAP.
Clay Sand Bulk density
Name DEM (m) IGBP class (%) (%) (g cm™?)
Merzenhausen 79 12: Croplands 21 39 1.40
Aachen 209 12: Croplands 22 41 1.40
Selhausen 105 13: Urban and built-up lands 23 37 1.40
Heinsberg 45 13: Urban and built-up lands 21 39 1.40
Wiistebach 610 1: Evergreen needleleaf forests 20 42 1.30
Gevenich 99 12: Croplands 22 41 1.40
Rollesbroichl 520 14: Cropland/natural vegetation mosaics 20 42 1.30
Rollesbroich2 520 14: Cropland/natural vegetation mosaics 20 42 1.30
Ruraue 98 12: Croplands 22 39 1.40
Wildenrath 79 5: Mixed forests 22 41 1.40
Kall 510 14: Cropland/natural vegetation mosaics 20 40 1.30
Schoeneseiffen 567 5: Mixed forests 20 42 1.30
Kleinhau 347 5: Mixed forests 20 42 1.30

3.3.2 Comparison of model simulation and CRNS measurements

The 500 m modeled soil moisture was compared with CRNS measurements, assuming a measure-
ment depth of 20 cm. Bias, RMSD, ubRMSD, and correlation coefficient were calculated for
thirteen stations and over three seasons (see Table 3.6 and Figure 3.3). The CLM simulations
tend to overestimate soil moisture with a bias of 0.070 cm® / cm?, and CLM-ParFlow has a slight
dry bias of —0.021 cm® / cm3. The large wet bias of the models for Wildenrath is most likely
related to soil texture. Soil moisture decreases faster in sand than in finer-textured soil. The
sand content is high (up to 65 %), and the models seem to have too low hydraulic conductivity
for this site. CLM-ParFlow shows a large bias at sites located at a higher elevation, such as

Wiistebach, Rollesbroich, and Schoeneseiffen sites.

After overlooking systematic bias, ubRMSD for the CLM stand-alone model and the coupled
model are not significantly different and both are below 0.06 cm® / cm®, which indicates that
both simulations could produce reasonable results. The correlation between CRNS observations
and land surface simulations ranges from 0.576 to 0.821 for CLM stand-alone and 0.365 to 0.805
for CLM-ParFlow. Both CLM and CLM-ParFlow simulations show a strong correlation with in
situ data, suggesting that the soil moisture dynamics at the 500 m scale can be relatively well

captured by both models.

3.3.3 Temporal and spatial correlation between model simulations and the SMAP
L3_SM_P_E product

Figure 3.4 shows daily mean soil moisture content in the upper soil layer (5 cm) over the research
area for CLM and CLM-ParFlow simulations compared with the SMAP L3_SM_P_E product,
together with the daily precipitation time series. The SMAP product and model simulations



-3

3cm

Precipation: sqj| Moisture: cm

Chapter.3

o —
S o é"‘ -
<o w e CLM-ParFlow
1 -50 | -+ Bias )

VA s20%
o) VoA 10-20%
ﬂ v A 510%
= | v a 15%
= 1.25 o0 <%
S
o
Z
2 1.00 F———__
2 T~
=
s
o) ~ 1 - Merzenhausi
a 0.75 - a AN 2 - Aachen 09
9 11 SO
% {,_ N 3 - Selhausen
N 5 7N 4 - Heinsberg
5 7
= g /iF AN 5 - Wustebach 095
° 0.50 — ’ \ 6 - Gevenich
& v kZ \\ 7 - Rollesbroich1
ﬁ \ 8 - Rollesbroich2

6] \ 9 - Ruraue
025 - o B \ 10~ Widenrath 0.99
E | 11-Kal
| 12 - Schoeneseiffen
13 - Kleginau
! | | 'i i I PPN

0.00
025 050 075 REF 1.25 1.50

Figure 3.3: Taylor diagram of the soil moisture of CLM and CLM-ParFlow model runs as

compared CRNS observations.
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Figure 3.4: Soil moisture time series (0-5 cm) averaged over the simulation domain for 2017 and
2018 from CLM and CLM-ParFlow simulations compared with SMAP product
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Table 3.6: Ancillary datasets used in the SMAP soil moisture retrieval algorithm. Notice that
altitudes differ from Table 3.5 for the sites because here we list the altitudes used by

SMAP.
Name CLM simulations CLM-ParFlow simulations
Bias RMSD ubRMSD r Bias RMSD ubRMSD r

Merzenhausen — 0.108 0.136 0.050 0.711  0.045 0.105 0.094 0.414
Aachen 0.126 0.058 0.047 0.782 -0.106 0.115 0.045 0.756
Selhausen 0.035 0.127 0.063 0.664  0.131 0.141 0.050 0.725
Heinsberg 0.111 0.088 0.049 0.785  0.005 0.083 0.083 0.365
Wistebach 0.073 0.079 0.052 0.665 -0.169 0.175 0.047 0.628
Gevenich -0.060 0.160 0.062 0.615  0.002 0.065 0.065 0.574
Rollesbroich1 0.148 0.071 0.062 0.726  -0.091 0.104 0.051 0.766
Rollesbroich2 0.036 0.070 0.068 0.733 -0.112 0.126 0.056 0.751
Ruraue 0.016 0.105 0.054 0.821  0.068 0.087 0.053 0.770
Wildenrath 0.090 0.186 0.039 0.755  0.078 0.083 0.029 0.800
Kall 0.182 0.079 0.079 0.576  0.007 0.075 0.075 0.570
Schoeneseiffen  0.008 0.077 0.070 0.778 -0.088 0.101 0.050 0.805
Kleinhau 0.031 0.103 0.076 0.675 -0.049 0.078 0.061 0.720
Average 0.070 0.103 0.059 0.714 -0.021 0.103 0.058 0.665

have different soil wetting and drying dynamics after rainfall. The near-surface soil is sensitive
to precipitation because of intensive positive vertical water gradients, but tends to dry quickly
after water infiltration related to evaporation (Chen et al. 2017a). Although the representation
of L-band sensing depth at 5 cm has been used for remote sensing validations (Escorihuela
et al. 2010; O’Neill et al. 2017; Zhang et al. 2019¢), the L-band sensing depths are affected by
soil moisture, and the penetration depth can be shallower when soil moisture is high (Bierkens
et al. 2015). The penetration depths and vertical soil moisture gradients lead to different
drying behavior. The simulations match soil moisture from SMAP well during most of the
year. Generally, CLM overestimates the soil water content during summer. Compared to SMAP,
CLM-ParFlow simulations show a very small wet bias of only 0.004 cm® / cm® while CLM has a
larger wet bias of 0.065 cm?® / cm®. The RMSD for CLM and CLM-ParFlow simulations are
0.085 cm® / cm?® and 0.045 cm® / cm? respectively.
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Figure 3.5: Spatial maps of bias (left three columns) and ubRMSD (right three columns) of soil
moisture between SMAP and CLM model (a,c), SMAP and CLM-ParFlow model
(b,d) for MAM, JJA and SON over the investigation area posted at (upper) the
resolution of the model grid (500 m) and (lower) at the resolution of SMAP (9 km).

Spatial maps of performance indices are given in Figure 3.5 and illustrate the differences between
model predictions and observations. For the maps at 500 m resolution, as the resolution of the
simulations is finer than the satellite measurement, large differences between simulation and
measurements occur in valleys and river regions because these areas are not well covered by the

coarser resolution of the SMAP satellite.

In most areas, CLM has a higher soil water content than SMAP. The CLM-ParFlow model
captures the spatial variability of soil water content and shows the influence of the river network.
The soil moisture is close to saturation in the river valley. Meanwhile, the soil is drier in hilly
areas. This is related to the difference in subsurface process representation between CLM and
CLM-ParFlow. In Parflow, the Richards’ equation is used to calculate 3D subsurface water flow,
including both vertical and lateral water movement, which includes the lateral groundwater
flow that moves water from the hilly areas towards the river valleys. In addition, lateral flow
by streams and rivers is also modelled. The water flow convergence process (i.e., the lateral
redistribution of water via streams and aquifers from hills to the river valleys and lowlands)
can be better captured by CLM-ParFlow than by CLM, which just considers vertical water
flow. In the northern flat and valley areas, the differences of soil moisture between CLM and
CLM-ParFlow are smaller, where precipitation and infiltration excess are low, thus the later

water flow redistribution processes have a smaller impact.
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Further minor discrepancies between CLM and CLM-ParFlow simulations are related to the
different estimation of soil hydraulic parameters (different pedotransfer functions). Several areas
where CLM shows larger deviations with respect to SMAP soil moisture coincide with loam
regions of the soil texture map, which indicates that for loam texture, CLM is probably too wet,
which could be related to the default pedo-transfer function in CLM, which might underestimate
hydraulic conductivity for loamy soil textures. The spatial distribution of both bias and ubRMSD
also shows clear differences between the northern flat area (with larger bias) and the southern
hilly area (smaller bias). This is probably related to the fact that precipitation is high in the
hills and both CLM and SMAP have soil moisture values close to field capacity. Concerning
CLM-ParFlow, the differences with SMAP are larger in the Rhine valley; ParFlow overestimates
the influence of the river on soil moisture values in the areas next to the stream. Notice that the
CLM-ParFlow model is not calibrated, and that river-groundwater interaction could be closer
to real conditions by adjusting, for example, riverbed hydraulic conductivities. Both bias and
ubRMSD values show that the discrepancies between model simulations and SMAP data are

smallest in autumn for CLM simulations and CLM-ParFlow.

3.3.4 TC analysis

In general, the statistics of a time series triple are inherently unique, so that a comparison of
different triples in a collocation analysis is not directly possible. However, the same SMAP
product and CRNS data are used in this study to be compared to two different simulation
results. That provides a large ability for a direct comparison. Table 3.7 shows the TC results
for model simulations (as Y) and SMAP L3_SM_E_P product (as Z) compared to reference
CRNS datasets (as X). By definition, the scaling factor Sx of the reference dataset is 1, while
the SMAP product and model simulations are scaled to this reference product. 8y and 8z values
larger than 1 indicate that the dynamic range of the datasets from the SMAP product and the
model simulations is lower than that of the CNRS soil moisture time series, and vice versa. For
CLM stand-alone simulation, the average By is 4.538 and (7 is 1.370. For CLM-ParFlow, Sy and
Bz are quite close (1.453 and 1.242, respectively). The scaling factors larger than 1 indicate that
both SMAP L3_SM_P_E and the land surface model simulations have underestimated the soil
moisture dynamics at the CRNS sites, and probably in the complete research area. Compared to
CLM stand-alone simulations, the Sy of the coupled model is closer to 1, indicating less need to
scale. In terms of Bz, it should be noted that the scaling factors for Wiistebach and Wildenrath
are lower than for other stations, indicating that the dynamics range of retrieved soil moisture
needs to be reduced to match the scale of CRNS observations and model simulation time series.
For these two stations, some additional problems (see Section 3.3.1) seem to influence the soil
moisture retrieval results. Although the soil moisture datasets used in the TC correspond to
different depths (SMAP for the upper 5 cm and the other two datasets for the upper 20 cm),
no obvious relationship between the penetration depth differences and soil moisture dynamics
is detected. Table 3.7 also provides the absolute TC error standard deviation. The ranges for
oey are 0.010 to 0.026 (CLM) and 0.028 to 0.080 (CLM-ParFlow), respectively. In general, the
SMAP soil moisture product provides similar error standard deviations with o.z < 0.060 in both

triples.
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Table 3.7: Triple collocation comparison results for model simulations (as Y) and SMAP
L3 _SM_E P product (as Z) compared to reference CRNS datasets (as X).

Z: CLM Z: CLM-ParFlow
oex 0y 0ez By Bz SNRy oex oy 0.z Py Pz SNRy
Merzenhausen 0.016 0.024 0.061 3.015 1.285 -1.397 0.021 0.080 0.056 1.134 1.088 -7.456
Aachen 0.020 0.025 0.057 2.610 1.270 1.485 0.023 0.037 0.050 1.199 1.025 6.576
Selhausen 0.017 0.015 0.061 5.669 1.556 -2.082 0.011 0.045 0.059 1.415 1.441 2.622
Heinsberg  0.013 0.026 0.056 2.346 1.391 3.351 0.015 0.060 0.054 1.980 1.283 -11.020
Wiistebach  0.028 0.008 0.055 5.941 0.783 1.330 0.028 0.036 0.055 1.526 0.780 -1.414
Gevenich 0.020 0.024 0.060 3.520 1.376 -3.166 0.040 0.041 0.052 1.257 1.052 4.035
Rollesbroichl 0.023 0.024 0.058 3.698 1.455 -1.250 0.030 0.038 0.050 1.267 1.144 8.143
Rollesbroich2 0.019 0.023 0.059 3.858 1.579 -0.489 0.039 0.038 0.050 1.322 1.192 8.099
Ruraue 0.008 0.019 0.065 2.806 1.691 6.315 0.038 0.058 0.068 1.383 2.164 0.826
Wildenrath  0.018 0.010 0.057 3.689 0.889 4.258 0.021 0.028 0.056 1.072 0.831 7.878
Kall 0.006 0.017 0.049 7.141 1.443 -6.570 0.023 0.058 0.046 1.825 1.337 -4.374
Schoeneseiffen 0.011 0.010 0.061 7.090 1.429 2.879 0.010 0.036 0.060 1.774 1.383 4.907
Kleinhau 0.026 0.014 0.061 7.607 1.664 -2.779 0.023 0.040 0.057 1.730 1.424 3.800
Average 0.017 0.018 0.058 4.538 1.370 0.145 0.025 0.046 0.055 1.453 1.242 1.740

Name

3.3.5 Effect of lateral water flow on soil moisture

Previous research indicated that the lateral flow is important in land surface modelling, especially
when the resolution is fine (Yair 2008). The spatial patterns of modelled soil moisture show that
the CLM-ParFlow has wet grid cells in the foothills and valleys. The soil moisture gradient is
larger in the wet grid cells and surrounding drier grid cells. By taking account of lateral flow,
soil moisture decreases in these wet areas due to lateral diffusion. Also, the lateral drainage
driven by topographic gradient results in soil moisture redistribution. In view of previous studies
(Senatore et al. 2015), lateral flow is expected for steep hillocks, even if slight difference in soil
texture between adjoining grid cells. Also, the accumulated runoff in ParFlow, generated by
infiltration excess or saturation excess, can route or reinfiltrate, while some other traditional LSMs
can remove excess water from the modeled water cycle (Albergel et al. 2010). CLM-ParFlow
maintains the high soil moisture in convergence areas. This confirms the importance of lateral

subsurface flow on the hydrological cycle, especially in mountainous areas.

3.4 Conclusions

This study compared soil moisture data from cosmic ray neutron sensors (CRNS), passive
microwave remote sensing (SMAP L3_SM_E_P product), and land surface model simulations
by the Community Land Model (CLM, version 3.5) and the coupled land surface-subsurface
model CLM-ParFlow over a 150 km x 150 km region in western Germany. CLM-ParFlow
can better capture the impact of groundwater on soil moisture than CLM, as it has a more

advanced subsurface physical process scheme. With this approach, an analysis of the impact
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of the representation of subsurface processes in hydrological simulations of soil moisture was

performed. The evaluation results can be summarized as follows:

Over thirteen CRNS sites, the SMAP L3_SM_E_P product shows a small bias of 0.005 cm3 /
cm?® only compared to the CRNS observations. Nevertheless, local differences can be large (up to
—0.120 cm?® / cm? for the densely forested Wiistebach site) due to differing spatial resolution of
the soil moisture products and errors in soil texture and land cover used to derive soil moisture
from brightness temperature in the SMAP L.3_SM_E_ P product. Besides, the disturbing role of
dense vegetation and complex topographic features influences the accuracy of the SMAP product.
Overall, the unbiased root mean square error (ubRMSE) is around 0.056 cm® / em?, indicating
that the SMAP L3_SM_E_ P product could barely meet its mission requirement for this very

heterogeneous and hilly region.

The comparison between CRNS and land surface simulations shows that CLM has a wet bias
(0.070 cm® / em®) and CLM-ParFlow has a dry bias (—0.021 cm® / cm®). Local biases can
be large, which might be related to the uncertainty in soil texture and hydraulic conductivity,
inadequate pedotransfer functions, and lack of consideration for soil bulk density in CLM model.
In terms of ubRMSE, both CLM and CLM-ParFlow are below 0.06 cm® / cm® and compare
well to CRNS observation dynamics. The SMAP product and CLM-ParFlow do not show a
systematic difference in soil moisture, which is in contrast to most land surface models, which
are wetter than SMAP.

The triple collocation (TC) validation comparison implies that both CLM and CLM-ParFlow
show similar noise levels with o.z below 0.056. The scaling factor of CLM-ParFlow is less than
a third of CLM stand-alone, indicating that the coupled model could better capture the soil
moisture dynamics over the study area and perform better with respect to CRNS measurements.
This is an important aspect for future data assimilation studies, as the typical adaptation of the
soil moisture climatology of model and observation becomes less mandatory. The higher SNR
(Signal-to-Noise Ratio) value for the coupled model CLM-ParFlow also indicates it can provide

more valuable results than the CLM stand-alone model.

It should be noted that the direct metrics (e.g., RMSE and r) do not show a clear better
performance of the CLM-ParFlow model compared to the CLM stand-alone model. The TC
method shows that the simulation has been improved when lateral subsurface dynamics are
involved. Unlike typical performance metrics, where the assumption is that the reference data
set is free of (random) errors, TC methods account for sensor and representativeness errors and
can be considered more robust than conventional metrics and closer to reality (Gruber et al.
2017). With conventional evaluation metrics, we focus on the dynamics of the different time
series instead of the absolute soil moisture values, because there can be a systematic bias between
CRNS and SMAP measurements, as well as model simulations, which is related to different
underlying assumptions for the different measurement and simulation methods. This method is
also used because it is standard in the land surface modelling literature and allows, therefore an
easier comparison with other papers (Albergel et al. 2010; Albergel et al. 2012; Bi et al. 2016;
Ford et al. 2019).
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In summary, the model structure is important for soil moisture modelling. Compared to the
CLM-ParFlow model, the CLM model has a simplified representation of describing the soil
moisture variability while neglecting lateral water flow. The CLM model tends to overestimate
the soil moisture and provides similar soil moisture estimation in grid cells that have the same
soil texture and plant functional type. The lateral subsurface process in CLM-ParFlow leads to
soil water redistribution and improvements in prediction. The coupled model can describe the
spatial variability of soil moisture. It is worth considering lateral subsurface flow in LSMs to

have a more accurate soil moisture simulation.

However, some limitations should be noted. First, lateral subsurface flow mainly takes place
in the saturated subsurface. However, there is also evidence for lateral flow in the top layer
of the unsaturated zone for sloping soil due to rainfall dynamics. Nevertheless, the CRNS
measurements provide, in the first place, only information on soil moisture, and are less suited to
evaluate how well the influence of groundwater is represented by models. Second, the CRNS
measurements might be slightly biased, caused by the limited number of observation sites,
scale mismatches, and imperfect calibration. The bias is simply set aside when using the same
statistical evaluation methods in order to compare these results with other remote sensing and
land surface modelling studies. Finally, this study only covers three seasons for the years of
2017 (quite average conditions) and 2018 (very dry). A longer time may be desirable to better
evaluate the relative performance of the model, including different weather conditions. Also, a

finer soil map resolution and larger study domain would be desirable in future studies.

3.A Appendix
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Figure 3.6: Time series and scatterplots of soil moisture from SMAP (red), CRNS (purple) and
LSMs (CLM at 5 cm (green solid) and at 20 cm (green dashed); CLM-ParFlow at 5
cm (blue solid) and at 20 cm (blue dashed) at 13 sites. (CLM at 5 cm (green solid)
and at 20 cm (green dashed); CLM-ParFlow at 5 cm (blue solid) and at 20 cm (blue

dashed) at 13 sites.



Added value of lateral flow processes for
assimilating SMAP soil moisture into a land
surface model.

*adapted from: Zhao, H., Montzka, C., Keller, J., Li, F., Vereecken, H., & Franssen, H. J. H.
(2025). How does assimilating SMAP soil moisture improve characterization of the terrestrial
water cycle in an integrated land surface-subsurface model? Water Resources Research, 61,
€2024WR038647. https://doi.org/10.1029/2024WR038647

4.1 Introduction

Soil moisture impacts crop yield, controls the division of precipitation into surface runoff and soil
infiltration, and regulates sensible and latent heat fluxes (Babaeian et al. 2019; Seneviratne et al.
2010). Accurate and large-scale soil moisture data are essential for understanding hydrological
processes, predicting weather and extreme events, and developing effective water resources
management strategies. While in situ measurement networks, such as Terrestrial Environmental
Observatories (TERENO) (Zacharias et al. 2011) in Germany, Texas Soil Observation Network
(TxSON) (Clewley et al. 2017) in the U.S.A., and the Tibetan Plateau Observatory of Plateau
Scale Soil Moisture and Soil Temperature (Tibet-Obs) (Su et al. 2011) in China, provide high-

quality soil moisture observations, their spatial coverage remains limited to specific regions.

Soil moisture can be simulated using land surface models (LSMs), for example, the Community
Land Model (CLM) (Oleson et al. 2008) with different spatial and temporal resolutions depending
on the research question and the available computational resources. Nevertheless, the accuracy
of model predictions is often compromised by uncertainties related to input data. For instance,
offline LSMs must be driven by meteorological forcing datasets and are sensitive to the accuracy
of the atmosphere forcing (Albergel et al. 2018). In addition, the uncertainties in soil and
vegetation properties and model structure errors greatly influence the simulations (Bastidas et al.
2003; Hartley et al. 2017; Lagué et al. 2019; Li et al. 2018b).

Alternatively, remote sensing techniques provide a possibility to obtain continuous and global
soil moisture data. Soil moisture data from satellites like SMOS (Soil Moisture Ocean Salinity)
(Kerr et al. 2010) and SMAP (Soil Moisture Active Passive) (Entekhabi et al. 2010a) provide

exhaustive information at a coarse resolution of 36 km or 9 km, respectively. These satellites
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capture soil moisture information from the upper soil layer (approximately 5 cm depth), and
their accuracy may be influenced by factors such as vegetation type and distribution (Jha et al.
2007; Konings et al. 2017; Zheng et al. 2018). Data assimilation, a technique that combines
observations with model predictions, offers a promising approach to enhance the accuracy of
LSMs. Sequential data assimilation in combination with LSMs has been used to provide better
estimates for soil moisture for two decades (Han et al. 2014; Koster et al. 2018; Lievens et al.
2017a,b; Nair et al. 2019; Nie et al. 2022; Pleim et al. 2003; Reichle 2008; Reichle et al. 2002;
Yang et al. 2016; Yin et al. 2015).

Several studies have assimilated remotely sensed soil moisture observations into LSMs for the
improvement of predictions of soil moisture and other hydrological variables. For example, SMOS
and SMAP products have been assimilated into LSMs (e.g. GEOS-5, VIC-CMEM coupled model)
with EnKF and pronounced improvements in soil moisture characterization are observed (Ahmad
et al. 2022; De Lannoy et al. 2016; Lievens et al. 2016, 2017a; Reichle et al. 2017). Studies
using other satellite-based products (e.g. ESACCI and ASCAT) also demonstrated the potential
of assimilating remotely sensed soil moisture information to improve soil moisture estimates
(Nair et al. 2019; Naz et al. 2019; Pinnington et al. 2018; Zhou et al. 2022). In general, most
studies indicate that while the assimilation of remotely sensed retrievals improves soil moisture
estimates, the improvement is limited when it comes to characterizing land surface fluxes and
estimating runoff (Ahmad et al. 2022; De Santis et al. 2021; Lu et al. 2020; Martens et al. 2016;
Naz et al. 2019; Prakash et al. 2023). Traditional LSMs usually do not take into account lateral
water exchange, restricting water flow to the vertical direction only. Several studies suggest that
groundwater dynamics need to be considered when dealing with land surface processes (Kollet
et al. 2008; Liang et al. 2003; Maxwell et al. 2005). A more detailed representation could not only
improve soil moisture distribution (Kim et al. 2017), but also influence energy flux partitioning
(Maxwell et al. 2016; Zhang et al. 2021b), runoff, and groundwater recharge (Holtzman et al. 2020;
Wang et al. 2020). Therefore, coupled simulation platforms have been developed to examine the
coupled water and energy cycles in the atmosphere-land surface-subsurface continuum (Maxwell
et al. 2007; Rummler et al. 2019; Sulis et al. 2017; Tian et al. 2012). Such models include
Flux with Penn State Integrated Hydrologic Model (PIHM) (Shi et al. 2013), CLM 4.0 with
process-based Adaptive Watershed Simulator (PAWS) (Shen et al. 2013), CATchment HYdrology
(CATHY) with Noah-Multiparameterization Land Surface Model (Noah-MP) (Niu et al. 2014b,c).
Furthermore, the Terrestrial System Modelling Platform (TSMP) (Shrestha et al. 2014) was
developed, consisting of three different models which are two-way coupled: the atmospheric
simulation model COSMO (Consortium for Small-Scale Modelling) (Baldauf et al. 2011), the
land surface model CLM 3.5 (Oleson et al. 2008) and the sub-surface hydrological model ParFlow
(Kollet and Maxwell 2006). TSMP can model the water and energy cycles from the very deep
subsurface to the stratosphere (Sulis et al. 2017) and is one of the few available modeling platforms
that fully integrates the atmospheric, land surface, and subsurface physical processes. TSMP
calculates three-dimensional flow over the entire domain and has a detailed physical modeling
of the land surface fluxes (Koch et al. 2016). Despite the enhanced understanding of the LSM
process, a limited number of synthetic studies have investigated the value of data assimilation

when employed in conjunction with integrated land surface-subsurface models. At smaller to
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catchment scales, the lateral groundwater flow can influence soil moisture and generate spatial
patterns by redistributing water from uplands to lowlands (Nousu et al. 2024). These studies
(Hung et al. 2022; Kumar et al. 2009; Li et al. 2024; Sawada 2020) have demonstrated that the
information of soil moisture observations can be propagated to the neighbouring grid cells and in

the vertical profile.

The objective of this study is to conduct, for the first time, an evaluation of assimilating remote
sensing soil moisture information into the two-way coupled CLM-ParFlow model within the TSMP
framework in a real-world case study. By integrating SMAP data into a high-resolution modelling
system that is capable of simulating three-dimensional saturated and unsaturated groundwater
flow, it allows us to examine SMAP’s potential to improve soil moisture, evapotranspiration, and
groundwater level characterization compared to traditional land surface models, such as CLM.
While SMAP observations are limited to the top 5 cm of soil, where soil moisture dynamics are
primarily influenced by vertical fluxes (e.g., infiltration and evaporation), lateral flow processes
can indirectly affect surface soil moisture through subsurface moisture redistribution, particularly
in regions with complex topography. We evaluate the soil moisture estimates and other predicted
variables in both CLM and CLM-ParFlow in situ measurements over a temperate region in

western Germany. This paper addresses the following research questions:

1. Does the SMAP soil moisture product provide effective information to improve the char-
acterization of soil moisture states in the high-resolution coupled land surface-subsurface
CLM-ParFlow model more than in the stand-alone CLM model?

2. How does assimilating remotely sensed soil moisture affect the characterization of ET
in CLM-ParFlow, and can the characterization of ET be improved more than for the
stand-alone CLM model?

3. How does soil moisture assimilation affect shallow and deep groundwater level predictions

in the coupled land surface-subsurface model?

4. Does updating the model parameters, in addition to the states, further improve the

simulation of hydrological variables?

4.2 Materials and methods

4.2.1 Study area and in situ data

In this work, SMAP soil moisture data is assimilated into the TSMP model for the so-called
NRW-domain, which consists of parts of the North Rhine-Westphalia, Rhineland-Palatinate, and
Hesse Federal states in western Germany, and includes also parts of Belgium, the Netherlands,
and Luxembourg (Figure 4.1). The domain size is 150 km x 150 km. The elevation ranges
from 13 m in the northwestern part to 735 m in the southern part. It is characterized by a high

population density and urban development, while the remaining land cover is predominantly
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composed of grasslands, agricultural fields, and forested regions. TSMP runs over the NRW
domain have already been performed by Sulis et al. (2018) and Uebel et al. (2018).
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Figure 4.1: a) Location of the study area in Europe (DE=Germany; NL=Netherlands;
BE=Belgium, LUX=Luxembourg); b) In situ stations for soil moisture (CRNS) and
evapotranspiration (EC) in the study area; ¢) Elevation of the region (m) and d)
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The CRNS (Cosmic Ray Neutron Sensors) is an emerging technology for monitoring soil moisture
at the intermediate scale. The measurement radius ranges between 130 m and 300 m as a function
of factors like air density, air humidity, and vegetation density (Kohli et al. 2015; Zreda et al.
2012). The penetration depth of CRNS measurements varies from 15 cm (wet soils) to 80 cm (dry
soils) (Franz et al. 2012a; Kohli et al. 2015). Several studies have been conducted to investigate
the accuracy of the CRNS measurements (Jakobi et al. 2018; Tian et al. 2016; Zhu et al. 2016).
In the study by Bogena et al. (2013), it is found that the RMSE of daily soil moisture data was
about 0.03 cm®/cm? for the forested site Wiistebach in Germany, which has, in general, very
high soil moisture content. Thirteen CRNS stations are located in the research domain and are
used for the verification of the simulations and data assimilation experiments. Table 4.1 provides
further details. The penetration depth z* of the CRNS measurements is calculated and given by
Franz et al. (2012):
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Table 4.1: CRNS and EC stations: Coordinates, altitude from digital elevation model (DEM)
(m), average annual precipitation (mm y~!), plant functional types and soil texture
information (Baatz et al. 2017; Bogena et al. 2022; H2020_ eLTER,_ Project Team
2019).

Name latitude longitude DEM Precip. Plant functional type Clay % Sand %

Merzenhausen 50.930 6.297 91 718 crop 22 21
Aachen 50.799 6.025 232 865 crop 23 22
Selhausen 50.866 6.447 101 718 crop 24 16
Heinsberg 51.041 6.104 58 722 grassland, crop 19 18
Wiistebach ~ 50.505 6.331 607 1180 forest 23 19
Gevenich 50.989  6.324 107 718 crop 20 22
Rollesbroichl 50.622  6.304 515 1018 grassland 23 22
Rollesbroich2 50.624  6.305 506 1018 grassland - -
Ruraue 50.862 6.427 100 718 grassland 26 19
Wildenrath ~ 51.133  6.169 72 722 forest 12 65
Kall 50.501  6.526 505 857 grassland 22 20
Schoeneseiffen 50.515 6.376 611 870 grassland 24 16
Kleinau 50.722 6.372 374 614 grassland 25 15
Vielsam 50.305  5.998 493 1062 forest - -
y 5.8
© T 0400829 (41

where 6 is the total soil water content. If the simulated soil moisture by CLM and CLM-ParFlow
are taking at different depths d, the weight W, is determined based on a linear relation:

1—d/z*, d<z*
W, = /2 d<z (4.2)
0, d>z*

A weighted average of soil moisture 6.~ is calculated over L vertical layers with depths d;,

simulated soil moisture 64, and weights Wy, :

S Wa, - b4,

0, =
25:1 Wa,

(4.3)

The eddy covariance (EC) method allows for measuring ET at the field scale. Four eddy covariance
sites are located in our study domain and are part of the FLUXNET2015 dataset (Pastorello
et al. 2020), including Selhausen (crop land), Rollesbroich (grassland), Wiistebach (forest), and
Vielsam (forest). Raw data, including fluxes of latent heat, sensible heat, CO2 and meteorological
variables, are measured every 10 or 20 seconds and are processed towards a half-hourly time step
at each site. The data gaps in fluxes and meteorological time series are filled, undergo quality
checks, and are aggregated to daily observations (Drought 2018 Team et al. 2019; Ukkola et al.
2017). Fig. 4.1 shows the spatial locations of the CRNS and EC stations.
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The groundwater level observations are obtained from the monitoring network Geoportal NRW
(https://www.geoportal.nrw) and GroundwaterTools (https://www.grondwatertools.nl). A total
of 977 groundwater wells are available in this research area, providing monthly observations
throughout the year 2018. Of these, only 527 wells with shallow groundwater levels (less than 30

m deep) are included in the analysis.

4.2.2 SMAP (L3_SM_P_E) product

SMAP provides soil moisture measurements of approximately the top 5 cm of the soil and
thaw /freeze state that can be used in hydrological models and land surface models. The SMAP
satellite completes a global soil moisture map with a revisit interval of about three days (O’Neill
et al. 2021). Compared to other L-band sensors, e.g., SMOS, the assimilation of SMAP data
shows higher skill (Blyverket et al. 2019; Zhang et al. 2019b).

In this study, the L3_SM_P_E product from National Snow and Ice Data Center NSIDC
(https://nsidc.org/data/smap/smap-data.html) is used, which provides soil moisture on a 9 km
grid for the upper 5em soil with an error of no greater than 0.04 cm®/cm? (Colliander et al. 2017).
The SMAP Enhanced Passive Soil Moisture Products (L2_SM_P_E and L3_SM_P_E) were
developed following the SMAP radar failure in July 2015. To enhance the resolution of SMAP
radiometer data, the Backus-Gilbert optimal interpolation technique is used to make most use of
the additional information and provide a better representation of the original data (Chan et al.
2017). L3_SM_P_E is a daily composite product that is generated from L2_SM_P_E over a
one-day composition. This enhanced product was assessed by comparing it with long-term in
situ soil moisture data, and it was found that the average ubRMSE (unbiased Root Mean Square
Error) of the level 3 product is around 0.045 ~ 0.055 cm?/cm?® (Chan et al. 2017; Colliander
et al. 2021; Montzka et al. 2017; Zhang et al. 2019b; Zhang et al. 2019¢).

4.2.3 CLM - ParFlow in TSMP

The Terrestrial Systems Modeling Platform (TSMP) consists of the atmospheric model COSMO
(Baldauf et al. 2011), the land surface model CLM 3.5 (Oleson et al. 2008), and the subsurface
model ParFlow (Kollet et al. 2006). These models are two-way coupled by the Ocean Atmosphere
Sea Ice Soil Model Coupling Toolkit, OASIS-MCT (Valcke 2013). COSMO is the operational
weather forecast model of the German weather service (Baldauf et al. 2011). TSMP provides a
flexible coupling arrangement that enables fully coupled simulations (COSMO + CLM + ParFlow)
as well as partially coupled simulations (COSMO + CLM or CLM + ParFlow). Additionally,
each of the three models can be run independently. When simulating CLM or CLM coupled with

ParFlow, external forcing data is necessary to provide the required boundary conditions.


https://nsidc.org/data/smap/smap-data.html
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4.2.3 (a) The land surface model - CLM

CLM 3.5 models the water and energy cycles in the soil-vegetation-atmosphere continuum,
including snow packs. Five land cover types are defined in this model to characterize surface
heterogeneity, including glacier, lake, wetland, urban, and vegetated. Snow accumulation is
represented with up to five snow layers on top of the soil layers. Plant properties are assigned
based on different plant functional types (PFTs). CLM has ten soil layers with varying thicknesses.
Runoff calculation in CLM is based on the traditional TOPMODEL (Oleson et al. 2004) approach.
Hydraulic conductivity and porosity are determined by soil texture (% sand and % clay) based
on pedoQtransfer functions (Clapp et al. 1978; Cosby et al. 1984). A simplified Richards equation

is used to calculate the water movement in the unsaturated zone:

00 9 d(p+ 2)

= {k(é) N } + g5 (4.4)

where 6 represents the volumetric soil water content [L3-L 73], ¢ is time [T], k is the hydraulic

conductivity [L-L™!], z is height [L] and p is pressure head [L].

The hydraulic conductivity between two adjacent layers k; ; can be calculated as:

0.5(61ig.5)+0.5(01i0.511) 12Bit3 .
ki i = ksat(l}j) [0.5(0;3;)+0.5(ei:if]++11)] , 1<5<9 W
e k Ouiq,; 125i 3 - .
sat(i,f) [esat,]] ) j=

and i and j are layer indices. 6, is the volumetric liquid water content and 6., is the soil
moisture content at saturated state. The saturated hydraulic conductivity Kgqq(; ;) is assumed to
be exponentially decreasing with depth following the TOPMODEL concept (Beven et al. 1979):

Ksat(i.j) = 0.0070556 x 10~0-884+0-0158(%sand);) {6xp <*Z70])} (4.6)

where zg = 0.5 m is the length scale for decrease in kg j), 2;,; represents height at the interface

between ¢ and j, and the exponent B; is calculated as:

Bj =2.91+0.159 (%clay); (4.7)

The saturated water content 044 (i.e., porosity ¢) is calculated as:

Osar = 0.489 — 0.00126 (% sand) (4.8)

In the CLM model, the mass transfer equation (MT) and Monin-Obukhov Similarity Theory are
used to calculate evapotranspiration (ET). The ground evaporation, evaporation from interception,
and transpiration are separately considered. For the vegetated areas, the water vapor flux from
vegetation E, [M-L~2.T~!] and from ground soil E, [M-L~2.T~] are calculated as follows:
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Ty
(qS — qsat)

E, = —Patm (49)
Ttotal

E, = — g e~ 99) ?9) (4.10)
Taw

where pui, is the atmospheric air density [M-L™2], ¢, is the canopy specific humidity [M-M~!],
q?&’t is the saturated specific humidity [M-M~!] at the vegetation temperature T, 7o [T-L™1]is
the total resistance to water vapor transfer from the canopy to the canopy air, caused by both
the leaf boundary layer and stomatal resistance, ¢ is the specific humidity of ground, and 74’
is the aerodynamic resistance [T-L™!] to water vapor transfer, from the ground to the canopy air.
A detailed description of the soil moisture content and ET calculation process can be found in

the CLM technical description document (Oleson et al. 2004).

4.2.3 (b) The subsurface model - ParFlow

ParFlow is a numerical, integrated hydrological model that simulates subsurface flow in unsatu-
rated and saturated porous media, as well as overland flow. ParFlow solves the pressure in the
subsurface and interactions with surface water bodies. The saturated-unsaturated subsurface
flow equation is solved in three dimensions according to Richards. The surface water routing
scheme is based on the kinematic wave approximation of overland flow, while coupling subsurface
flow and overland flow in an integrated fashion (Kollet et al. 2006). Both the soil water retention
curve and relative permeability are represented in ParFlow using the van Genuchten relationships
(Maxwell et al. 2005). The water retention curve and relative permeability in the Van Genuchten

model are defined as follows:

gsat - H'res
0(p) = Ores + I+ (alp) ™ (4.11)
[1— (alpl)™ (1 + (alp)) ]
ko (p) = (4.12)

(1+ (afp)m)™/?

Where m = 1— L, pis the suction pressure [L] and k, is the relative permeability [-]. o (a >0)
[L7! and n (n >1) are soil parameters that are related to air entry suction for drying/wetting
and slopes in van Genuchten curves. 6, and 6,.s represent saturated water content and residual
water content respectively (L3-L73). More details of this model can be found in Kollet et al.
(2006) and Maxwell (2013).
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Figure 4.2: Schematic diagram of CLM-ParFlow in TSMP.

4.2.3 (c) The integrated CLM-ParFlow

The coupled CLM-ParFlow model is used in this work. A schematic representation of CLM-
ParFlow in TSMP is shown in Fig. 4.2. The offline atmospheric forcing drives the CLM to
model land surface processes. ParFlow replaces the one-dimensional soil hydrology of CLM with
a three-dimensional approach. The models are coupled via net infiltration (CLM calculates net
infiltrating water for ParFlow), soil evaporation and transpiration (including root water uptake)
(CLM calculates water to be extracted by ParFlow), and ParFlow provides CLM with saturation
and pressure for the top ten layers simultanecously (Shrestha et al. 2014).

4.2.4 Data assimilation

The data assimilation framework PDAF (Nerger et al. 2013, 2005) has already been coupled
to TSMP (Kurtz et al. 2016). TSMP-PDAF includes data assimilation algorithms like the
Ensemble Kalman Filter (Evensen 1994) and its variants, e.g, the localized Ensemble Kalman
Filter (LEnKF) (Ott et al. 2004) and the local ensemble transform Kalman filter (LETKF) (Hunt
et al. 2007). In this study, the EnKF is used to assimilate SMAP soil moisture data into TSMP.
EnKF has already been proven to be robust and computationally efficient, suitable for large-scale

non-linear models (Zamani et al. 2010).

4.2.4 (a) Ensemble Kalman filter

The first step in the EnKF is the forecast step, where the model M calculates the state x! at

time t:
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xt=M (xtil,p,q)t (4.13)

where p is the vector with parameters and q is the vector with model forcing. This forecast step
is carried out N times, for each of the ensemble members j. The different ensemble members
can have different atmospheric forcing, model parameters, and initial conditions, which should
adequately capture the uncertainty in these variables. In this study, the soil moisture observations
0 are assimilated through the observation operator H, which maps the model states into the
observation space. The model states for each of the realizations are updated to x"*® by combining

forecasts and the observations y?:

x'0 = x' + K (y' - Hx') (4.14)

where H is the operator that links measurements and model states, and the Kalman gain K is

defined as follows:

-1
K = C'HT (HC/H™ + R) (4.15)

where C is the covariance matrix of the model states and R is the measurement error-covariance

matrix. We calculate C by:

N
c/ = ﬁ ; () - =) (xf — =) (4.16)

where X! represents the matrix with the ensemble mean of the model states at time t. N is the

number of ensemble members.

In some cases, the model parameters p are estimated together with the state variables by
augmenting the vector x (Hendricks Franssen et al. 2008). The augmented state vector for

updating both states and parameters is given by :

e 2) .

The model covariance matrix C is then also composed of the cross covariances between the model

states and the model parameters, as well as the covariances among the parameters.

o/ — (G Co (4.18)
Cpx CPP
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4.2.4 (b) Localization

In the EnKF data assimilation, localization reduces the size of the matrix to be inverted to
minimize the influence of distant observations and removes spurious long-distance correlations
(Houtekamer et al. 1998). Here, localization is applied to the model error covariance matrix C.
The standard covariance matrix C is replaced by p°C. p is defined as a correlation matrix with
local support, which means that this function is only non-zero in a local (small) region and zero

o

elsewhere. ° is the Schur (elementwise) product. Note that p and C have the same dimensions.

Therefore, the Kalman gain in the LEnKF scheme is calculated as follows:
-1
K = [p°C/H"| [Hp°C/H” + R] (4.19)

and p° is calculated using a fifth-order polynomial function (Gaspari et al. 1999).

4.3 Experimental setup

4.3.1 Input Data
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Figure 4.3: (a) and (b) Percentages of sand and clay used in the CLM stand-alone model. (c)
and (d) Saturated hydraulic conductivity ksq: and porosity for the surface layer (0 -
3 m depth) in the CLM-ParFlow model. (e) and (f) show the same for the bottom

layer (3 - 30 m depth).
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The spatial model resolution is 500 m x 500 m in the lateral horizontal direction. The soil depth
in the CLM stand-alone model reaches 2.5 m with 10 near-surface layers, and in CLM-ParFlow
to 30 m depth, with 10 near-surface layers with increasing thicknesses from 0.02 m to 1 m and 20
vertical layers with a thickness of 1.35 m each. The input data for CLM consist of topography
(Fig. 4.1), plant functional types (Fig. 4.1), associated plant physiological parameters, and
soil properties (Fig. 4.3). The soil texture information is taken from SoilGrids (Hengl et al.
2014, 2017) and remapped to the model grid. The plant functional types and leaf area index
are extracted from the Moderate Resolution Imaging Spectroradiometer (MODIS) product, and
details can be found in Shrestha et al. (2014).

To keep the consistency between the CLM and CLM-ParFlow models, a Rosetta model (Zhang
et al. 2017) is used to estimate the saturated hydraulic conductivity in the surface layers (0 m to
3 m below the surface) of CLM-ParFlow. The Rosetta model takes the soil texture information
from CLM. The porosity (¢) in the surface layers of CLM-ParFlow is calculated based on the
same function that is used in the CLM model. For lower layers (3 m to 30 m), the permeability
information was taken from a global geological dataset (Gleeson et al. 2011), and for details
see Shrestha et al. (2014). Other van Genuchten water retention parameters (e.g, o and n) are
assigned constant, spatially uniform values that are adopted from previous studies (Shrestha et al.
2014; Sulis et al. 2017). The soil texture in CLM and hydraulic parameters in CLM-ParFlow
for the surface layers (a-d) and bottom layers (e-f) are shown in (Fig. 4.3). Sandy soils are
mainly located in the northwestern corner of the research domain, leading to a high hydraulic
conductivity there. An impermeable boundary condition is defined for the lateral borders of the

subsurface.

Atmospheric forcing is extracted from the high-resolution reanalysis dataset COSMO-REAG6
(Bollmeyer et al. 2015) and used as input for CLM. COSMO-REAG6 was created by assimilating
observed meteorological data into the atmospheric model COSMO at 6 km resolution over the
European continent. In the COSMO-REAG, ERA-interim data (Dee et al. 2011) are used as lateral
boundary conditions. Compared to other datasets, such as ERA-interim (at 80 km resolution)
and ERA5 (at 25 km resolution), the COSMO-REA provides a higher resolution atmospheric
reanalysis. It is shown that the high-resolution reanalysis provides additional value compared to
coarse-scale reanalysis and leads to a better representation of small-scale variability (Bollmeyer
et al. 2015). A subset of highly requested variables can be directly downloaded from the open
data server at DWD (ftp://opendata.dwd.de/climate environment/REA/COSMO_ REAG6),
including essential variables which were used in this study, e.g., wind speed, air humidity, air
pressure, air temperature, precipitation, downward short wave radiation, and downward long

wave radiation.

4.3.2 Experiment set up and analyses

The localized EnKF scheme is used in the data assimilation experiments with an ensemble of N =
32 members. To characterize the uncertainty of the land surface-subsurface simulations, random
perturbations are introduced for each ensemble member, including (a) atmospheric forcings for
both the CLM stand-alone model and the CLM-ParFlow model, (b) soil texture for the CLM
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stand-alone model, and (c¢) hydraulic conductivity and porosity for the soil (0-3 m depth) of
the CLM-ParFlow model. Four atmospheric variables, including precipitation, air temperature,
long-wave radiation, and short-wave radiation, are perturbed in a spatially and temporally
homogeneous manner with correlations among the four variables defined by a correlation matrix
(shown in Table 4.2). The mean value and standard deviation of the perturbation of precipitation,
air temperature, long-wave radiation, and short-wave radiation are (0, 0 K, 0 W/m?, 0) and (0.15,
1.5 K, 30 W/m?, 0.15) respectively. While the noise (lognormally distributed) for precipitation
and shortwave radiation perturbations is introduced multiplicatively, the noise for longwave
radiation and temperature perturbations is additive. Precipitation is multiplied by log-normally
distributed noise, and a bias has been introduced in the back transformation (Han et al. 2013)
as the expectation of a log-normal distribution is greater than its median. To quantify the effect,
we compared the long-term annual mean precipitation summed over all time steps between the
perturbed and the original forcing data. The results showed that the ensemble mean precipitation
is systematically overestimated by approximately 5 % relative to the reference. To account for

this bias, a constant correction factor (0.95) is applied to each of the ensemble members.

In the CLM stand-alone simulations, soil texture is perturbed by adding a spatially uniform noise
to both % sand and % clay (£10 %). The sum of sand and clay percentages is constrained to be
smaller than 100 % for each ensemble member. For CLM-ParFlow experiments, the ensemble of
soil texture data used in CLM is transformed into input parameters for CLM-ParFlow in the
surface layers. Hydraulic conductivity realizations are generated using the Rosetta model, while
porosity realizations are calculated using Eq. 4.8. Consequently, the perturbation of hydraulic
conductivity and porosity is also spatially uniform. The hydraulic conductivity and porosity for

the bottom aquifer layers are not perturbed.

To initiate model simulations with the CLM stand-alone model, the model is first spun up using
atmospheric forcing data from the years 2015 - 2017. CLM-ParFlow, on the other hand, has a
more comprehensive characterisation of the terrestrial water cycle, and a dynamic equilibrium
needs to be reached to have a more proper model initialization (Ajami et al. 2014). It is spun up
with initial states from a previous study (Sulis et al. 2017) and then using forcing data of the

year 2017 until a dynamic equilibrium is reached.

Soil moisture from SMAP products is quality controlled to exclude observations under dense
vegetation, water bodies, and frozen soils. The penetration of SMAP is considered to be at a
depth of 5 cm. The localisation radius is set to 20 grid cells (10 km) to take into account the
approximate size of the Backhus-Gilbert optimal interpolated original SMAP footprints. The year
2018 is used for the DA experiments. The measurement error is set to 0.04 cm®/cm?®, which is
the target accuracy of the SMAP mission. The assimilation experiments are run with a one-hour
time step, while soil moisture data assimilation is performed daily. In this study, six simulation
experiments are conducted using the TSMP-PDAF framework: (a) CLM-OL: an open-loop
simulation (without data assimilation) using the CLM stand-alone; (b-c) assimilation of SMAP
L3_SM_P_E soil moisture into the CLM model, employing either state-only update (CLM-DA)
or state and parameter update (CLM-DA-SP); (d) CLM-PFL-OL: an open-loop simulation
with the CLM-ParFlow; (e-f) CLM-PFL-DA and CLM-PFL-DA-SP, similar to (b-c) but with
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the CLM-ParFlow model. When updating both states and parameters in the CLM-ParFlow
model, a damping factor of 0.1 is employed to limit the intensity of the hydraulic conductivity
perturbations (Hung et al. 2022; Li et al. 2024).

Table 4.2: Correlation matrix of perturbed atmospheric forcing variables.

Variable name

precipitation shortwave radiation longwave radiation temperature

precipitation

shortwave radiation
longwave radiation

temperature

-0.8
-0.8 1.0
0.5 -0.5
0.0 0.4

0.5
-0.5
1.0
0.4

0.0
0.4
0.4
1.0

4.3.3 Evaluation metrics

To assess the influence of the assimilation, statistical performance measures were evaluated,

including bias, the root mean square error (RMSE), unbiased root mean square error (ubRMSE),

Pearson’s correlation coefficient (r) (Gruber et al. 2020), and a normalized error reduction index

(NER):

T

. 1
bias = T Z (X4, — Yy, 00s)

i=1

T
RMSE—J Z (X1, = Y, 055)°

ubRMSE =V RMSE? — bias?

cov (X,Y)

rxy =
OXO0y

E
NER =100 x (1 — =24
Eor

(4.20)

(4.21)

(4.22)

(4.23)

(4.24)

where T is the total number of time steps, Xy, is the modelled ensemble mean variable (soil

moisture, ET, or groundwater level), and Y}, o, is the corresponding observed value, both at time

step ;. cov(X,Y) is the covariance between model-simulated values and observed values, ox is

the standard deviation of model-simulated values, and oy is the standard deviation of observed

values. The Epa and Eop, represent the RMSE from the data assimilation and open-loop runs.
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Figure 4.4: Time series of simulated daily soil moisture (at the depth corresponding to the
CRNS) average over thirteen CRNS sites from (a) CLM-OL, CLM-DA and CLM-
DA-SP and (b) CLM-PFL-OL, CLM-PFL-DA and CLM-PFL-DA-SP) along with
soil moisture measurements by SMAP (green triangles) and CRNS (black circles),
and precipitation for the simulation period of 2018.03.01 - 2018.11.30. The CRNS
observations are shown in black circles and SMAP observations are shown in red
triangles.
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4.4 Results and discussion

4.4.1 Evaluation with in situ soil moisture measurements

Fig. 4.4 compares the soil moisture time series simulated by CLM and CLM-PFL for the OL,
DA, and DA-SP experiments, with in situ measurements and SMAP observations. Fig. 4.4
shows the seasonal dynamics in both observations and simulated datasets, with the highest
soil moisture in early spring and a distinct dry-down from May into the summer time. The
simulated soil moisture from CLM-OL is systematically higher than the measurements. Data
assimilation corrects the overestimation of soil moisture, especially under drier conditions in
the summer season. In general, the simulated soil moisture from CLM-ParFlow shows better
temporal consistency with in situ measurements and the SMAP retrievals.
(a) Pearson r
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Figure 4.5: Boxplots of (a) r and (b) ubRMSE for the simulated soil moisture CLM-OL, CLM-DA
and CLM-DA-SP and CLM-PFL-OL, CLM-PFL-DA and CLM-PFL-DA-SP com-
pared to CRNS measurements for the simulation period of 2018.03.01 - 2018.11.30.
The box plot shows the 10, 25, 50, 75, and 90% quantiles, with the dashed line

representing the mean values and circle marks representing the outliers.

Fig. 4.5 summarizes the evaluation metrics for CLM and CLM-PFL, with and without data

assimilation experiments, compared with thirteen CRNS observations. It shows that both CLM-
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DA and CLM-DA-SP experiments are closer to in situ soil moisture measurements in terms of
ubRMSE and R than the open loop runs. The median ubRMSE decreases from 0.063 cm?/cm?
to 0.060 cm3/cm? for CLM-DA and 0.060 cm?/cm? for CLM-DA-SP, meanwhile, the median
R increases from 0.72 to 0.79 and 0.78, respectively. For CLM-PFL, the median ubRMSE and
R for OL and two DA scenarios are 0.050 cm®/cm?®, 0.045 cm®/cm?®, and 0.046 cm?/cm?, 0.78,
082 and 0.83, respectively. Overall, compared to the OL runs, assimilation with the CLM and
CLM-PFL models leads to small but improved estimates of soil moisture in terms of Pearson r
and ubRMSE. It is important to note that while improvements are observed in the median values
for Pearson r and ubRMSE, the mean values do not demonstrate a significant improvement
for the CLM-ParFlow model. This discrepancy suggests an increased variability in site-specific
performance, with some locations exhibiting a deterioration following assimilation. One potential
explanation for this is the scale mismatch between the high-resolution model (500 m) and the
coarser resolution of the SMAP data (9 km). In the assimilation process, multiple sites are
located within the same SMAP grid cell, leading to homogenised updates that may not reflect
the finer-scale dynamics captured by CLM-ParFlow.

The performance of the CLM and CLM-PFL models in simulating soil moisture varies across
the thirteen sites (see Fig. 4.6, Fig. 4.12, and Fig. 4.13). For example, at the Heinsberg and
Gevenich sites, the DA runs with CLM and CLM-PFL show the best agreement with the CRNS
measurements, with R values above 0.83 and ubRMSE values below 0.041 cm?/cm?. At the
Merzenhausen site, the performance of the CLM-PFL-DA and CLM-PFL-DA-SP simulations
is somewhat lower than CLM-DA and CLM-DA-SP. The assimilation behaves poorly for some
stations like Wiistebach, where the ubRMSE of the OL is lower than for the DA runs. The soil
in the Wiistebach site has high organic matter content, resulting in a high porosity, which is
not considered by the pedo-transfer functions used for both models. In general, the coupled
model CLM-PFL with data assimilation tends to result in the lowest ubRMSE value and highest
correlation across most sites. The site-to-site variability can be attributed to the limited footprint
of CRNS measurements, which have a radius of approximately 130-300 meters. While this
footprint is relatively close to the model grid resolution, it only partially covers a model grid cell.
This partial overlap introduces additional uncertainty when comparing observed and simulated soil
moisture, particularly in regions where soil moisture exhibits high spatial variability. Furthermore,
factors such as dense vegetation cover, soil texture, and topographical features are known to

impact SMAP observations, thereby affecting their integration into SM simulations.

4.4.2 Spatial analysis of OL and DA and SMAP observations

In the following, we analyze the assimilation effects on spatial patterns of soil moisture (for
the upper 5 cm) for different assimilation scenarios. Fig. 4.7 shows the spatial patterns of
modelled soil moisture and their differences with SMAP observations for the simulation period.
The CLM-OL simulation consistently produces higher soil moisture than SMAP observations
over most of the study area, indicating a systematic positive bias in the CLM model. This
overestimation is also present in the CLM-DA and CLM-DA-SP simulations, but the deviations

are reduced. This suggests that data assimilation is effective in reducing biases and introducing a
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Figure 4.6: Performance metrics of (a) r and (b) ubRMSE for the simulated soil moisture CLM-
OL, CLM-DA and CLM-DA-SP and CLM-PFL-OL, CLM-PFL-DA and CLM-PFL-
DA-SP compared to CRNS measurements for the simulation period of 2018.03.01 -
2018.11.30.
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Figure 4.7: Temporally averaged soil moisture over the simulation period of 2018.03.01 -
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degree of spatial heterogeneity into the model’s output. However, localized assimilation schemes
seem to lead to the formation of artificial soil moisture patterns that are related to SMAP

footprints.

In contrast, all CLM-ParFlow configurations exhibit a more pronounced spatial heterogeneity in
soil moisture compared to CLM and its data assimilation variants. This enhanced heterogeneity
reflects the ability of CLM-ParFlow to simulate lateral flow processes that contribute to a more
realistic representation of soil moisture distribution, particularly in areas with complex topography.
The assimilation of SMAP data in the CLM-PFL-DA and CLM-PFL-DA-SP experiments further
modifies the soil moisture patterns, resulting in a more localized variability of soil moisture
that aligns better with SMAP observations. Note that the reductions in discrepancies are
spatially heterogeneous; for instance, southern areas with complex topography, where lateral

flow dominates, tend to benefit more.

Interestingly, the performance of CLM-PFL-DA and CLM-PFL-DA-SP is very similar, illustrating
that parameter estimation does not clearly improve simulation results. This could be attributed
to the inherent strengths of the CLM-ParFlow model, which already captures key hydrological
processes such as lateral flow in soil moisture redistribution. Additionally, the lack of parameter
updates for deep subsurface layers in the assimilation process may limit the potential for further

improvements in soil moisture.

4.4.3 Evaluation of in situ evapotranspiration (ET) measurements

The influence of soil moisture DA on ET modelling is also investigated. Fig. 4.8 shows the
temporal dynamics of daily ET at four EC sites. The simulated ET agrees well with the
observations at most EC sites. A seasonal pattern is visible, with higher values corresponding
to the growing season with higher incoming radiation and increased vegetation activity. The
observed ET shows significant temporal variability, with occasional spikes, which could be due
to natural variability in weather patterns, vegetation responses, or measurement errors. The
quantitative evaluation metrics of R and ubRMSE are shown in Table 4.3, where no significant
impact of data assimilation is found. For the CLM model, the average r are 0.73, 0.73, and
0.74, and the average ubRMSE are 0.71, 0.71, and 0.70 mm/d for the OL, DA, and DA-SP,
respectively. The coupled CLM-PFL model exhibits similar performance, yielding r values of
0.76, 0.74, and 0.72, and average ubRMSE are observed to be 0.70, 0.71, and 0.73 mm/d for the
OL, DA, and DA-SP, respectively.

At the Selhausen site, the consistent underestimation of ET by both models during the growing
season suggests a potential misrepresentation of the crop cycle dynamics. In situ observations
reveal a sharp decline in ET rates following senescence and summer harvesting in combination
with very dry conditions at that time. This decline is not captured by either of the models,
owing to the absence of harvest-related information in the model scheme and, in the case of
CLM, a stand-alone also an overestimation of the soil moisture content. By comparing Fig. 4.8
and Fig. 4.6, we find that ET and soil moisture are strongly correlated, with changes in soil

moisture typically being reflected in corresponding changes in ET. The high ET simulated by
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Figure 4.8: Time series of weekly evapotranspiration simulated by (a) CLM-OL, CLM-DA,
CLM-DA-SP, (b) CLM-PFL-OL, CLM-PFL-DA, and CLM-PFL-SP compared to in
situ measurements at four eddy-covariance (EC) sites (a) Selhausen, (b) Wiistebach,

(c) Rollesbroichl, and (d) Vielsalm. Black dots represent flux tower observations.

Table 4.3: Comparison metrics of Pearson r and ubRMSE (mm/d) for the simulated evapotran-
spiration from CLM-OL, CLM-DA, CLM-DA-SP, CLM-PFL-OL, CLM-PFL-DA and
CLM-PFL-SP at four EC sites for the period of 2018.03.01 - 2018.11.30

Station Run r ubRMSE | Run (PFL) r ubRMSE
CLM-OL 0.47 1.22 CLM-PFL-OL 0.47 0.94
Selhausen CLM-DA 0.47 1.21 CLM-PFL-DA 0.47 1.11
CLM-DA-SP 0.49 1.17 CLM-PFL-DA-SP 0.49 1.12
CLM-OL 0.63 0.75 CLM-PFL-OL 0.62 0.75
Wiistebach CLM-DA 0.63 0.75 CLM-PFL-DA 0.62 0.75
CLM-DA-SP 0.63 0.75 CLM-PFL-DA-SP 0.62 0.75
CLM-OL 0.92 0.47 CLM-PFL-OL 0.87 0.69
Rollesbroichl CLM-DA 0.93 0.48 CLM-PFL-DA 0.91 0.59
CLM-DA-SP 0.92 0.48 CLM-PFL-DA-SP  0.89 0.64
CLM-OL 0.90 0.40 CLM-PFL-OL 0.89 0.42
Vielsalm CLM-DA 0.90 0.40 CLM-PFL-DA 0.90 0.41
CLM-DA-SP  0.90 0.40 CLM-PFL-DA-SP  0.89 0.42
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CLM-PFL-OL at Selhausen is reduced as soil moisture decreases by the assimilation, which
reduces latent heat flux and increases sensible heat flux. The finding aligns with previous research
(Martens et al. 2016; Peters-Lidard et al. 2011), which established a strong correlation between
the improved or degraded representation of ET fields and the corresponding changes in simulated
soil moisture induced by assimilating remote sensing soil moisture products. The only limited
improvements in ET characterization related to soil moisture data assimilation could be partly
due to the limited value of absolute soil moisture data to estimate energy fluxes with land surface
models. Other factors, such as incoming shortwave radiation, vegetation schemes, and roughness
length parameterization, also have a significant impact on the modelled latent and sensible heat

fluxes.

4.4.4 Evaluation of groundwater level simulated by CLM-PFL
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Figure 4.9: Comparison of model performance metrics across three CLM-PFL scenarios for
monthly groundwater level simulations at 527 sites: (a) Pearson r (b) RMSE).

During the assimilation process, the pressure head is updated based on the Mualem-van Genuchten
model (Van Genuchten 1980), which has an impact on the simulated groundwater levels. The
simulated groundwater levels are spatially interpolated from model grid points to the closest
location of the monitoring well. Figure. 4.9 illustrates the validation results of mean monthly
groundwater levels (in terms of Pearson correlation and RMSE evaluated across 527 sites) for
the three simulations with the CLM-ParFlow model. The median Pearson r value for the OL
(0.73) is notably higher compared to the value for the DA (0.29) and DA-SP (0.32) experiments,
suggesting that the OL experiment without data assimilation already captures the monthly
groundwater variation well at many sites. Contrary to the correlation results, the OL, DA and
DA-SP have similar median RMSE values of 6.25 m, 6.54 m, and 6.54 m, respectively, suggesting
that soil moisture assimilation is not able to improve groundwater depth characterisation. One
potential explanation is that groundwater wells may be subject to localised influences, which may
be related to land use and human activities. The remotely sensed soil moisture data, however,
have a relatively coarse resolution and are therefore unable to capture this information. The

DA-SP experiment appears to have a slightly higher median ubRMSE compared to DA; however,
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Figure 4.10: The spatial distribution of (a) observed annual mean groundwater levels, and (b)
and (c) the performance of CLM-PFL-SP simulations compared to CLM-PFL-OL.
Performance is evaluated in terms of changes in Pearson r (Ar) and reduction in
RMSE (NER: %).

the DA-SP experiment shows a tighter distribution, which suggests that the results are more

consistent across different sites.

To further investigate the impact of data assimilation, we present the spatial distribution of
Ar and RMSE reduction (NER) for the CLM-PFL-SP compared to CLM-PFL-OL experiments
in Fig. 4.10. As there are only minor differences in the performances of CLM-PFL-DA and
CLM-PFL-SP, we do not show CLM-PFL-DA here. The spatial analysis of Ar and NER of
RMSE shows that only a small portion of sites benefit from data assimilation, indicated by
both increased Ar and decreased NER. At most sites, however, the two metrics display an
inverse relationship. Regions with decreased Pearson r often coincide with areas where RMSE
is notably reduced. One possible explanation is that the groundwater level characterization
improves gradually over time, during the simulation period. However, for the overall time series,
this results in a worse representation of seasonal dynamics (due to the gradual adjustments
over time by DA) with an associated worse correlation between simulated and measured values,

compared to the OL run.

4.5 Discussion

The performance metrics show the relatively better performance of data assimilation runs
compared to the open-loop runs for both CLM and CLM-ParFlow. The SMAP retrievals are
characterized by a spatial resolution of 9 kilometers yet exhibit discontinuities in both spatial and
temporal coverage. In contrast, both CLM and CLM-ParFlow are run at a high-resolution scale
of 500 m, generating continuous predictions. This study supports that SMAP products have
significant skill to improve the accuracy and consistency of soil moisture estimations. However,

the improvement in soil moisture characterization for CLM-ParFlow is less significant than the



64 Chapter.4

improvement for CLM stand-alone in the time series plot (Figure 4.4). This may be due to
the fact that the coupled CLM-ParFlow already simulates soil moisture very well, leaving less
room for further improvement. It is important to note that the footprints of SMAP are much
larger than the model resolution. In this study, the SMAP soil moisture data are assigned to the
nearest model grid cell, and the other surrounding grid cells within a local radius are updated via
the covariance. Another possibility is to implement multi-scale assimilation for remote sensing
soil moisture products like SMAP. This would allow for the updating of multiple model grid cells
covered by a satellite footprint (Montzka et al. 2012). In multi-scale assimilation, the average
simulated soil moisture within a satellite footprint is compared with the satellite soil moisture
observations, which may result in improved assimilation results for the CLM and CLM-ParFlow
models. The spatial variability in soil moisture simulated by CLM is limited due to the CLM
model structure, which does not account for lateral water flow processes between adjacent grid
cells. The absence of lateral flow processes restricts CLM’s ability to capture the influence of
topographic features and subsurface heterogeneities on the soil moisture distribution, resulting

in spatially uniform soil moisture patterns that deviate from reality.

The results from ET validation generally agree with previous assimilation studies (Gebler et al.
2017; Martens et al. 2016; Peters-Lidard et al. 2011) and also for the same model (Hung et al.
2022; Li et al. 2024), that is, the assimilation of soil moisture only marginally improves the
estimation of ET. Larger improvements are found under drier conditions (during the summer
period). Note that the southern modelling area is predominantly characterized as energy-limited
rather than water-limited due to the relatively low temperatures, global radiation, and high
annual precipitation. ET in such an environment may approach the potential ET, and is mostly
controlled by energy availability (e.g., temperature and radiation) rather than soil moisture.
The findings align with Baatz et al. (2017) and Li et al. (2024), where they also found that
soil moisture assimilation had minimal effect on ET in the southern part of the area. Studies
concluded that uncertainties in soil moisture characterization are mainly influenced by soil
texture, whereas ET predictions are predominantly affected by uncertainties in forcing data
(Nearing et al. 2016, 2018). While our findings in the southern part could support this, we also

find that soil moisture exerts a more important control on ET in the northern part.

In the CLM model, ET is simulated as a function of soil moisture and vegetation parameters,
which makes the model more suitable for water-limited conditions. However, to effectively
simulate both water- and energy-limited conditions, a scheme should be introduced to consider
maximum ET based on available solar radiation. Such a scheme would allow for a better
representation of energy-limited environments where ET is predominantly driven by energy
availability rather than soil moisture. Moreover, the spatial variability as shown here underscores
the critical need for a deeper understanding and improved quantification of the transition between
energy-limited and water-limited conditions in LSMs. Such transitions are influenced by the
complex interplay of drivers, including meteorological factors and vegetation status (leaf area

index).

In addition, the ET calculation is also largely influenced by uncertainties in atmospheric forcing

and vegetation parameters, which control root water uptake and stomata closure. To improve
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ET estimation, it may be beneficial to assimilate other data types such as ET or LAI. Studies
have shown that multivariate assimilation of remotely sensed soil moisture and ET (Gavahi et al.
2020) or LAI observations (Albergel et al. 2017; Fairbairn et al. 2017; Rahman et al. 2022) at

finer resolutions contributes significantly to improved ET characterization.

Few studies investigate the influence of assimilating soil moisture on groundwater level predictions
in a coupled modelling framework at the larger regional scale. A comparison of the modelled
groundwater levels with observations from 527 wells revealed that the assimilation of SMAP
soil moisture did not result in improvements in the RMSE. An important aspect is the spatial
mismatch between the model resolution and SMAP observations; therefore, it may not be
appropriate to evaluate the accuracy of the groundwater level simulations based on the well
measurements. On the other hand, the groundwater level is controlled by recharge, the aquifer
transmissivity, the aquifer geometry, and, to some extent, the topography itself (Haitjema
et al. 2005). In this mountainous modelling domain, regional flow is generally stronger than
perpendicular flow and is mainly influenced by the ratio of recharge to hydraulic conductivity
(Gleeson et al. 2008). SMAP measures surface soil moisture, which shows a weak correlation
with deeper groundwater aquifers. Therefore, its effectiveness in updating parameters in the
deep aquifers is very limited. Additionally, the relatively coarse spatial resolution of SMAP
data limits its ability to capture variations caused by lateral flow in the CLM-ParFlow model.
This finding is also consistent with Hung et al. (2022), while our real-world case presents more
complexity. In the future, better results may be obtained by using a model resolution of 100
m instead of 500 m, which allows for better representation of small valleys. The CLM-ParFlow
model is constrained to a vertical depth of 30 meters, and this simplification does not fully
account for the complexity of real-world aquifer systems. Consequently, measurements in deeper
aquifers are excluded from the analysis. In future work, extending the vertical depth of the
model could enhance the realism of the simulations. Nevertheless, this objective would require a
more detailed representation of three-dimensional geological structure to accurately represent

the complex layering and interactions within the subsurface.
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Figure 4.11: Ternary diagram of (a) prior (open loop runs) (b) posterior (parameter update after
soil moisture assimilation) soil texture at 5 cm depth in CLM model, and probability
density functions of prior (pink) and posterior (blue) hydraulic conductivity k, at
the same depth in CLM-ParFlow model.

In both model configurations, we find that jointly updating the parameters and states does not
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provide better results than only updating the states, suggesting that there may be difficulties
in updating parameters in the high-resolution real-world cases with the remote sensing soil
moisture information. The parameter spread (uncertainty) is still large after the assimilation
(see Fig. 4.11). Prescribing an inaccurate soil structure could result in deteriorated soil moisture
estimates, particularly in sites like Wildenrath, which is characterized by dense forest cover. In
such circumstances, the accuracy of SMAP retrieval is subject to large uncertainty. Studies
(Zhao et al. 2023) have demonstrated that the retrieval of soil physical properties through the
assimilation of remote sensing information is unlikely to enhance the accuracy of modelled
soil moisture. Assimilating high-quality soil moisture measurements, e.g, CRNS observations,
probably can provide more accurate parameters for the hydrological models (Baatz et al. 2017;
Li et al. 2024). In this study, as the soil moisture is updated on a daily basis, the updated
values may be in close alignment with the SMAP observations. Consequently, only minor
changes in the soil properties are observed. Hung et al. (2022) assimilated soil moisture in the
CLM-ParFlow model with an ensemble size of 64 for a virtual case, and the results show that
parameter estimation only gives an additional slight improvement compared to updating soil
moisture alone. Brandhorst et al. (2022) also investigated the impact of parameter updates with
soil moisture assimilation and found that a small spread in the ensembles impedes parameter
updates. Hendricks Franssen et al. (2008) suggested that 200-500 realizations may be sufficient
for successful joint state-parameter estimation with hydrological models. However, a larger
ensemble size in this work was not feasible because of the required computational resources when
running the coupled land surface-subsurface model at high resolution. For instance, running
the CLM-ParFlow model with 32 ensemble members for one year simulation required 250,000
CPU core hours. In the future, a hybrid machine learning (ML) data assimilation approach with
an approximation of the model by a ML-based emulator could allow the simulation of larger
ensemble sizes which could improve the performance of the data assimilation and parameter
estimation. However, we feel that the remotely sensed information might also not be accurate
enough to estimate model parameters, especially because the observation is at a coarse scale and

limited to the upper few cm of the soil.

One challenge of this study was trying to maintain the consistent configurations between the CLM
and CLM-ParFlow model despite their different representations of the subsurface. To address this,
we perturbed the percentages of sand and clay content in a homogeneous manner in the CLM
model and employed the Rosetta pedo-transfer function to convert these parameters into hydraulic
conductivity for the CLM-ParFlow model. The perturbation is spatially uniform and could be
improved to better consider the spatial variability of soil characteristics. Additionally, previous
studies (Ryu et al. 2009) suggest that input parameters and forcing data can have complicated
feedback in the model process, leading to unintended effects of the ensemble perturbation.
Investigating more advanced ways to create ensembles for different variables is necessary, but
beyond the scope of this study. Additionally, it has been suggested that other parameters (a
and n in the van Genuchten model) can be estimated (Chaudhuri et al. 2018; Yetbarek et al.
2020), which was not considered in our study. However, the estimation of a and n would bring
more instabilities, considering our limited number of ensemble members and the complexity of

real-world cases.
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It should be noted that the quality check for SMAP retrievals was primarily based on the retrieval
quality flag, which did not fully consider the impact of dense vegetation. SMAP suggests that
data with a Vegetation Water Content (VWC) less than 5 kg/m? is optimal for retrieval. However,
as the research area is largely covered by dense vegetation, observations with a VWC between
5-10 kg/m? were also used in the assimilation process. As the observations are spatially uniform,
this introduces additional uncertainty into the model and affects the predictions, as evidenced by
the example of the Wiistebach site. Accurate estimation of observation errors can improve the
benefits of assimilating remote sensing products(Degelia et al. 2023; Terasaki et al. 2024). A
possible future work is to consider the spatial patterns of the microwave soil moisture retrievals
in order to quantify the observational errors, taking into account sensitivities to vegetation and

other atmospheric conditions.

The EnKF is an example of a sequential algorithm, which makes it well-suited to real-time
forecasting applications, including hydrological studies, weather prediction, and other modelling
tasks. However, the EnKF relies on several underlying assumptions (Evensen 2003) that may
not always hold in practical applications, particularly in complex, high-dimensional land surface
systems. A critical aspect of improving EnKF performance—and DA in general—is achieving an
optimal balance among model structure, model parameters, observation data and assimilation
technique. Research indicates that misrepresentation of model errors (Jafarpour et al. 2011;
Pathiraja et al. 2018; Reichle et al. 2002) can significantly impact the effectiveness of DA. A
study assessing the assimilation of satellite-derived SM retrievals over irrigated areas in the
U.S. demonstrated that the success of DA largely depended on the model bias (Kumar et al.
2015). Additionally, LSMs often misrepresent the coupling between SM and ET or runoff, leading
to reduced DA performance in constraining water fluxes using SM observations (Crow et al.
2024). Future research should focus on enhancing the understanding and refinement of LSMs

parameterization to further improve DA efficiency

4.6 Summary

In this study, the remote sensing SMAP soil moisture product is assimilated into the Community
Land Model (CLM 3.5) and the coupled land surface-subsurface model CLM-ParFlow (CLM-
PFL) over a region of size 22.500 km? in western Germany for the year of 2018. A total of 32
ensemble members is generated by perturbing the atmospheric forcings (for both the CLM and
CLM-ParFlow model), soil texture properties (for CLM) and hydraulic conductivity and porosity
(for CLM-ParFlow). The DA experiments are carried out with the Localized Ensemble Kalman
Filter (LEnKF) and SMAP data are assimilated daily. The characterization of soil moisture and
other hydrological variables are then assessed with in situ measurements. The key messages from

this study and the recommendations for future research are as follows:

1. The assimilation of SMAP soil moisture observations into the CLM and CLM-ParFlow
generally improves the soil moisture characterisation with an increase of the median Pearson
correlation from 0.72 to 0.79 (CLM) and 0.79 to 0.83 (CLM-PFL) and a reduction of
the median ubRMSE from 0.063 to 0.060 cm®/cm?® (CLM) and 0.050 to 0.046 cm?/cm3
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(CLM-PFL). The coupled model shows greater soil moisture spatial variability that is closer
to reality, showing that the consideration of lateral flow dynamics is crucial for a realistic
simulation of soil moisture. These advantages cannot be fully offset by assimilating soil

moisture in CLM.

. However, the assimilation of soil moisture data does not improve the ET characterisation

compared to the open loop runs for both CLM and CLM-ParFlow, which may be attributed
to the energy-limited conditions within the modelling domain. When compared to monthly
groundwater level measurements, the assimilation does not reduce the RMSE and the
correlation between simulated and measured groundwater levels even decreases. This
outcome suggests that assimilating surface soil moisture alone is insufficient to improve
groundwater level simulations, likely due to the inherent complexity of groundwater
systems and the multitude of controlling factors beyond recharge. It is assumed that more
accurate soil moisture data will provide more information to the models. The impact of
assimilation of passive and active microwave soil moisture data, either individually or in
combination, on the predictive skills of the models can be evaluated. Furthermore, we
acknowledge the importance of a higher spatial resolution of soil moisture observations,
which indicates the need to investigate the assimilation of data from sources such as
Sentinel-1 or downscaled SMAP products. On the other hand, a single measurement type
(in this case, soil moisture) may not be sufficient to infer other model states in a complex
coupled model. Building on previous studies, which have demonstrated the effectiveness
of multivariate data assimilation in land surface models, future research will explore the
integration of additional variables—such as Leaf Area Index (LAI) or Total Water Storage
(TWS)—to further constrain multiple model variables and enhance performance within a

coupled land surface-subsurface framework.

. In this work, we also assimilated soil moisture, including parameter estimation, and found

that joint state parameter estimation does not improve predictions compared to state
estimation alone. This might point to the difficulty of using the remotely sensed soil
moisture information to improve parameter estimates over a large domain with a complex
topography. It would be beneficial to further investigate by utilising larger ensemble sizes
and a more refined computational model once enhanced computational efficiency has been

achieved.

4.A Appendix
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Figure 4.12: Time series of simulated daily soil moisture (at the depth corresponding to the
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CRNS) at thirteen CRNS sites for the CLM-OL, CLM-DA and CLM-DA-SP simu-
lation experiments and the period 2018.03.01 - 2018.11.30. The CRNS observations
are shown in black circles.
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Figure 4.13: Time series of simulated daily soil moisture (at the depth corresponding to the

CRNS) at thirteen CRNS sites for the CLM-PFL-OL, CLM-PFL-DA and CLM-
PFL-DA-SP simulations and for the period 2018.03.01 - 2018.11.30. The CRNS

observations are shown in black circles.






A Comparative Analysis of Remote Sensing Soil
Moisture Data-sets Fusion Methods: Novel LSTM
Approach versus Widely-Used Triple Collocation

Technique.

*adapted from: Zhao, H., Montzka, R., Vereecken, H., & Franssen, H. J. H. (2023). A comparative
analysis of remote sensing soil moisture datasets fusion methods: novel LSTM approach versus
widely used triple collocation technique. TEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing 17 (2024): 16659-16671.

5.1 Introduction

Soil moisture is a fundamental parameter with broad implications for agricultural production,
hydrological processes, and climate studies (Henderson-Sellers 1996; Seneviratne et al. 2010).
Precise and timely estimation of soil moisture at regional and global scales is essential for effective
management of water resources (Dobriyal et al. 2012). Here, microwave remote sensing offers an
effective way to retrieve soil moisture information due to its sensitivity to the dielectric properties
of the soil (Engman 1991; Mohanty et al. 2017).

Microwave remote sensing operates at different frequencies, namely L-band (1-2 GHz), C-band (4-
8 GHz), and X-band (8-12 GHz), and has been widely employed in soil moisture retrievals. Each
frequency exhibits unique interactions with the soil surface and subsurface (Zhao et al. 2021b).
Satellites based on X-band and C-band include Advanced Microwave Scanning Radiometer for
Earth Observing System (AMSR-E) (Njoku et al. 2003), and the successor Advanced Microwave
Scanning Radiometer 2 (AMSR2) (Imaoka et al. 2010), and the Advanced Scatterometer (ASCAT)
from Meteorological Operational platform series (Metop-A, Metop-B, and Metop-C) (Bartalis
et al. 2007; Brocca et al. 2017). Over the past decade, L-band has been commonly considered
favorable for large-scale soil moisture monitoring with its reduced sensitivity to vegetation cover
and atmospheric interference. Additionally, it has a greater signal penetration depth into the soil
profile, allowing for a more comprehensive assessment of soil moisture conditions (Baur et al.
2018; Ma et al. 2023; Wigneron et al. 2017). Satellites operating at L-bands include the Soil
Moisture and Ocean Salinity (SMOS) (Kerr et al. 2001) and the Soil Moisture Active Passive
(SMAP) (Entekhabi et al. 2010a).
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The remote sensing soil moisture products derived from multiple instruments exhibit notable
disparities, not only caused by different microwave frequencies but also from orbits, polarization
methods, and retrieval algorithms (Barrett et al. 2009; Dobson et al. 1986; Karthikeyan et
al. 2017). These discrepancies emphasize each soil moisture product’s distinct strengths and
limitations and potentially result in inconsistent findings. Therefore, there is a need to combine
remote sensing data to reduce uncertainties from any individual datasets and provide a more

accurate estimation of soil moisture.

The arithmetic mean is the common method to merge information from multiple satellites,
and its effectiveness has been demonstrated in various applications (Peng et al. 2021; Zhang
et al. 2019a; Zhang et al. 2021a). Other, more sophisticated linear weighting methods could
assign the weights to each dataset based on their prediction errors, commonly evaluated against
reference datasets. Kim et al. (2015, 2016) developed a method to merge two satellite soil
moisture products by maximizing their correlation with reference datasets from ERA-Interim
(ECMWF Reanalysis-Interim) and Merra-Land (Modern-Era Retrospective Analysis for Research
and Applications Land) and showed the improved performance for the merged dataset when
comparing with in-situ observations. However, they found that the reference dataset can impact
the fusion process as the set of weights is governed by the correlation among the parent datasets
and the used reference. Triple collocation (TC) is a mathematical technique to assess the error
statistics of three or more products without relying on ground truth measurements (Gruber
et al. 2016; Scipal et al. 2010; Su et al. 2014). For example, Yilmaz et al. (2012) applied the
TC method to merge modeled and remote sensing soil moisture data, and subsequently, the
method gained widely usage (Anderson et al. 2012; Gruber et al. 2017; Kang et al. 2021; Kim
et al. 2018; Kim et al. 2020; Li et al. 2022; Min et al. 2022; Xie et al. 2022). The European
Space Agency Climate Change Initiative (ESA CCI) soil moisture product also applies TC-based
uncertainty characterization and weighted merging approaches to combine soil moisture retrievals
from multiple satellite sensors into a long-term consistent climate data record (Dorigo et al.
2017; Gruber et al. 2019). In general, the linear weighting methods are easy to understand,

straightforward to use, and can be applied to various datasets.

Machine learning (ML) technique has recently been implemented to merge remote sensing
information from various instruments because of its remarkable learning abilities. The ML
algorithms are capable of handling large and noisy datasets and extracting spatial and temporal
features from multiple data sources, making it a valuable approach to enhance the data fusion
accuracy and efficiency (Babaeian et al. 2021; Salcedo-Sanz et al. 2020). The success of ML in
soil moisture fusion has been demonstrated in previous studies (Babaeian et al. 2021; Batchu
et al. 2023; Karthikeyan et al. 2021; Nguyen et al. 2022), including increased correlations and

decreased unbiased root mean square error.

This study focuses on merging soil moisture retrievals obtained from three distinct satellite sources
using the traditional TC-based merging method and the Long Short-Term Memory (LSTM)
technique. The primary aim is to assess the possibility of LSTM as a data fusion approach
and compare its performance against the TC-based merging scheme. Additionally, we aim to

explore the potential benefits of the LSTM merging scheme in terms of temporal and spatial soil
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m), and (c) Plant Functional Types (PFTs) over the research area. The diamonds
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moisture estimation. Furthermore, we investigate the impact of different parameter setups in the
LSTM scheme across various scenarios to gain insights into the respective contributions of these

parameters to the soil moisture merging process.

5.2 Study area and data

5.2.1 Study area

The study area is situated in western Europe, encompassing regions within Germany, Belgium,
Luxembourg, and the Netherlands and covering an area of 150 km x 150 km (Fig. 5.1). It
consists of a diverse range of land-use types and distinct geographical features, including main
crops in the flat terrain and deciduous and coniferous forests in the upland regions (Herrmann
et al. 2015). The study area exhibits a temperate marine climate. The annual precipitation
patterns vary across the region and are influenced by terrain elevation, with the northern part
experiencing an average precipitation of 600-900 mm and the southern part receiving higher

amounts, reaching up to 1600 mm annually (Zhao et al. 2021a).

5.2.2 Remote sensing soil moisture products

In this study, three different soil moisture products are employed for the data fusion scheme,
including the SMAP Enhanced Level 3 Radiometer Soil Moisture (SPL3SMP_E), Version 5
(O’Neill et al. 2021), the AMSR2/GCOM-W1 surface soil moisture L3 product (Owe et al. 2014),
and ASCAT Surface Soil Moisture Climate Data Record 7 Extension 12.5 km sampling (H119)
(Saf, H 2021). Additionally, the multi-mission passive soil moisture product Version 6.1 from ESA
CCI (Dorigo et al. 2017; Gruber et al. 2019; Preimesberger et al. 2020) serves as the reference

dataset to evaluate the merged soil moisture.

The SMAP L-band SPL3SMP__E product, first released in December 2016, provides a global
daily composite soil moisture estimate at a spatial resolution of 9 km using the Equal-Area
Scalable Earth Grid (EASE-Grid) (Chan et al. 2018). It is generated with the Backus-Gilbert
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optimal interpolation technique, which extracts information from antenna temperatures and
converts them to brightness temperatures (Chan et al. 2018). The final soil moisture estimates
are then derived through the Dual Channel Algorithm (DCA).

AMSR2 is deployed on the Global Change Observation Mission - Water 1 (GCOM-W1) satellite,
using the Land Parameter Retrieval Model (LPRM) and providing daily measurements of soil
moisture at 25 km resolution (Du et al. 2017). The AMSR2 data archive consists of two distinct
products: ascending (daytime) and descending (nighttime) acquisitions. It offers two available
bands, namely C-band and X-band, for soil moisture measurements (Parinussa et al. 2015).
Both the descending and ascending C-band (6.93 GHz) soil moisture products from AMSR2 are

utilized in the analysis.

The ASCAT H119 product is generated by data from the Advanced Scatterometer (ASCAT)
instrument on board the MetOp-A, MetOp-B, and MetOp-C satellites (Wagner et al. 2013).
ASCAT measures the back-scattered radar signals from the Earth’s surface, which are utilized to
estimate soil moisture. The H119 product provides long-term soil moisture monitoring capabilities,
with data available starting from January 2007 (Brocca et al. 2017). It has a sampling resolution
of 12.5 km on the Discrete Global Grid (DGG) and a temporal resolution of approximately 1-3
days (Brocca et al. 2017). The soil moisture information derived from ASCAT is expressed in
the degree of saturation (%), which is subsequently converted to volumetric soil moisture content
(cm®/cm?) by multiplication with the soil porosity data retrieved from the Global Land Data
Assimilation System (GLDAS-2.1) (also within the ASCAT datasets). Only measurements with

a soil moisture noise designation below 20% are retained for analysis.

The ESA CCI SM v 6.1 Passive product is retrieved using the Land Parameter Retrieval Model
(LPRA) (Owe et al. 2008) algorithm. This particular product is derived from Level2 data obtained
from various satellite missions, including SMAP, SMOS, AMSR2, AMSR-E, among others. The
merged passive product provides a global coverage of soil moisture at the spatial resolution of
0.25° and temporal resolution of 1 day. Note that the ESA CCI dataset is mainly used as a
reference for visual comparison due to its widespread use in hydrological studies (Chakravorty
et al. 2016; Gruber et al. 2017; Ma et al. 2019; Xu et al. 2021).

It is worth noting that both SMAP and AMSR2 are passive sensors. However, the soil moisture
products are largely influenced by other factors, e.g, the microwave frequencies, orbits, retrieval,
and ancillary data such as soil texture and land cover classes. Several studies (Burgin et al. 2017;
Cui et al. 2017; Kim et al. 2018; Wang et al. 2021) have validated the SMAP and AMSR2 soil
moisture data at regional and global scales and revealed that they have distinct soil moisture
trends and spatial patterns. Moreover, Montzka et al. (2017) validated the SMAP, AMSR2 over
the same research region using both standard validation methods and the TC approach and
revealed structural quality differences between SMAP and AMSR2 retrievals. Consequently, we
assume that the SMAP and AMSR2 are independent products in the subsequent research.

Given the different spatial resolutions of these remote sensing soil moisture products, it is
necessary to rescale them prior to the application of merging schemes. In this study, we rescale
the data sets to a 500 m x 500 m resolution using the Nearest Neighbor Method.
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Figure 5.2: A flow diagram of the study, comprising five major steps.

5.2.3 In situ soil moisture observations

Thirteen cosmic-ray neutron sensing (CRNS) stations (Zreda et al. 2012) from the Terrestrial
Environmental Observations (TERENO) network (Zacharias et al. 2011) are used for measuring
soil moisture at the field scale. Fig. 5.1 shows the locations of CRNS stations. The diameter
of the CRNS footprint varies between 260 and 480 meters (Kohli et al. 2015). Previous studies
(Kohli et al. 2015; Schron et al. 2017a) proved that the CRNS effective penetration depth follows
an exponential function, ranging from 12 to 76 cm depending on the soil moisture. The remote
sensing soil moisture retrievals are typically assumed to be uniform for the penetration depth of
the sensor, and non-uniformity as a function of depth is not considered. Studies (Baatz et al.
2014; Bogena et al. 2013) have demonstrated that the RMSE of our CRNS measurements is
generally below 0.03 cm3/cm? despite the diverse characteristics of the sites (e.g., land use,
biomass, meteorological conditions, soil texture). In general, both CRNS measurements and
satellite soil moisture products exhibit similar sensitivity to the soil moisture within the first
few centimeters. The CRNS method for measuring soil moisture content has been employed for
validation of remote sensing datasets on soil moisture, and its reliability has been demonstrated
in a number of studies (Colliander et al. 2017; Montzka et al. 2020, 2017; Zhao et al. 2020).
This indicates that the CRNS is suitable for validating remote sensing soil moisture retrievals
as well as being targeted in the LSTM training. When used for validating the remote sensing
soil moisture datasets, the CRNS are resampled onto the satellite grid using a Nearest Neighbor
Search. Original data processing methods and detailed information regarding the thirteen stations

can be downloaded and found in previous studies (Bogena et al. 2022; Bogena et al. 2018).

5.3 Methods

The remote sensing soil moisture data merging scheme is depicted in Fig. 5.2.
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5.3.1 TC-based merging scheme

The TC analysis was initially introduced and applied in meteorology by Stoffelen (1998), which
enables the estimation of systematic and random errors in data obtained from three distinct
sources without requiring a reference dataset. The methodology assumes a linear relationship

between the soil moisture observations and the actual ground truth value 6 (Gruber et al. 2017).

SM; = 5;0 + a; + €; (5.1)

where i € {z,y,2} is one of the three collocated soil moisture datasets, o; and f; represent
the additive and multiplicative biases of dataset ¢, respectively, while ¢; denotes the zero-mean
random error. Accordingly, the covariances between the two soil moisture datasets would be
given by
Cov (SMy, SMy) = E(SM,SM,)) — E (SM,) E (SM,)
= BuByoi + ByCov (8,e,) (5.2)
+ .Cov (0,e4) + Cov (4, €y)

Considering the following assumptions (Yilmaz et al. 2014), orthogonality of errors Cov (8, ¢;) = 0,
for all ¢ € {z,y, z}, independence of errors Cov (g;,¢;) = 0, for i # j., and an expected error of

zero E (¢;) = 0, the equation (5.2) can be reduced to:

Quzy = Cov (SMy, SM,)
_ {ﬂlﬂyag for z #y (5.3)

530—5 + agz forx =1y

2 2 2

Given that we have seven unknowns (8., By, Bz, 0zp102,> OZ, o) in a system of six equations,

by introducing a new variable A\, = 3,09, the equation could be written as:

Az Ay for x £y

Qzy = Cov (SM, SM,) = { (5.4)

N4o2 forz=y

Then the error standard deviations for the three independent datasets can be calculated based

on the following equations:
Quz — QayQaz

xrx Qyz

0e =14 \/Quy — % (5.5)

The linear weight fusion method based on least square error can be employed to calculate the
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weight value for each pixel in each soil moisture product, and for each grid cell.

o2,
wy 1/agw+1/a§y+1/a§z
1/0-5
= = .
Wy /o2, ¥1/02, 7172, ,wi +wg +wz =1 (5.6)
w3 S V.. M
I/J§I+1/U§y+l/a§z

By using the calculated weight for three remote sensing soil moisture products, the merged soil

moisture value at a given grid cell is obtained by:

SMrc = w1 * SMy +wy x SMy + ws « SM, (5.7)

5.3.2 LSTM

The LSTM model, which belongs to the Recurrent Neural Network (RNN) architectures class, has
demonstrated notable performances in capturing patterns within sequential data (Siami-Namini
et al. 2018). Unlike conventional RNNs, LSTM models effectively address the inherent difficulties
of modeling long sequential data. The solution employed by the LSTM model involves using

gating mechanisms to regulate the memory retention process (Hochreiter et al. 1997).

As illustrated in Fig. 5.3, a single LSTM layer comprises a sequential arrangement of cell states,
each corresponding to a specific time step ¢. The gating mechanism is incorporated within each
cell state, encompassing a forget gate for determining the exclusion of information from the
preceding time step, an input gate for selecting and storing new information from the current
time step, and an output gate for determining the information to be output from the current time
step. During the training phase, the LSTM model incorporates four weight matrices, namely
Wy, Wi, W,, and W, along with four bias vectors denoted as by, b;, b,, and b.. These weight
matrices and bias vectors pertain to the forget, input, output, and candidate gates. These sets of
weights are updated through an iterative learning process using the stochastic gradient descent
during training. In the case where there are multiple input variables, the LSTM model processes
each variable independently. The weight matrices (W, W;, W,, and W) generated for all input
variables at a given time step are concatenated and used as input for the next time step. Thus,

the LSTM model can capture the relationships between different input variables.

Je=0Wy - [hi—1, 2] + by) (5.8)
i = (Wi - [he_1, 4] + by) (5.9)
or = 0(Wo - [h—1,x¢] + bo) (5.10)
Ci=fi@C1+ir®Cy (5.11)
Cy = tanh(W, - [hs—1, z] + be) (5.12)

ht = O¢ ® tanh(Ct) (513)
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Figure 5.3: Schematic diagram of the LSTM neural network structure. f, i, o represent the

values of forget gate, input gate, and output gate, respectively. The symbols
C, X, and h refer to the cell state, current input and hidden state, respectively.
The symbols o and tanh represent the sigmoid and hyperbolic tangent activation

functions, ® means multiplication by weights. (Hochreiter et al. 1997)

5.3.2 (a) Input and target data

For the LSTM model, the training targets are the CRNS observations from thirteen stations.
The input data consists of remote sensing soil moisture observations from SMAP L3E, AMSR2,
and ASCAT. Additional relevant parameters are categorized into static attributes and dynamic
parameters. The static attributes include sand, clay, and silt percentages, bulk density, and
altitude from the Digital Elevation Model (DEM). Soil parameters are derived from SoilGrids
(Poggio et al. 2021), a global digital soil mapping system based on soil profile observations from
the WoSIS database (Batjes et al. 2017). Temporal atmospheric forcing data are obtained from
regional reanalysis COSMO-REAG6 (Bollmeyer et al. 2015), which includes precipitation, air
temperature, global radiation, air humidity, and wind speed time series. The time series of Leaf
Area Index (LAI) data is extracted from MCD15A2H Version 6 Moderate Resolution Imaging
Spectroradiometer (MODIS) Level 4 (R.B.Myneni, Y.Knyazikhin, T. Park. 2015), and this

dataset provides an 8-day composite LAI with a pixel size of 500 meters.

5.3.2 (b) Experimental setups

The training and validation period is from 1 January 2015 to 31 December 2017, with a training-
test ratio of 0.1. In order to facilitate the model’s ability to recognize temporal relationships
and understand patterns over multiple time steps (as illustrated in Fig. 5.3), a sliding window
approach is employed during data processing, creating overlapping sub-sequences of input data
with a window size of 10 days. The architecture of the LSTM model comprises a single LSTM
layer followed by a dense layer. The LSTM layer is configured with a hidden state feature size of
256. The input data is represented as a matrix with dimensions equal to the number of features

x the number of time steps.

The LSTM model is trained with soil moisture retrievals, with and without static and dynamic
features, to simulate the target soil moisture measured by CRNS at a single grid pixel. Then

the trained model is applied to thirteen CRNS stations as well as other grid cells for another
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Table 5.1: Summary of performance metrics in the LSTM model training period (2015 to 2017)

RMSE: cm?3/cm?®
Training (90%) Validation (10%)

LSTM 0.055 0.045
LSTM_DFSF 0.058 0.052
LSTM_DT 0.056 0.045
LSTM_ST 0.063 0.064

independent year, specifically from 10 January to 31 December 2018. Four scenarios are considered
in the analysis: LSTM, which includes both static and dynamic data in the input; LSTM_ DFSF,
where both static and dynamic data are excluded; LSTM__DT and LSTM_ ST, representing

scenarios where only dynamic or static data is present, respectively.

The performance of the LSTM model is evaluated over the training and validation period. A
summary of the model performance in the training period (2015 - 2017) is provided below. An
agreement is observed between the CRNS measurements and the predicted soil moisture in
both the training and validation datasets in most scenarios. A smaller RMSE is observed in
the validation set than in the training dataset, suggesting that the training strategy reduces
over-fitting and enables model generalization to the validation period. The observed smaller
RMSE in the validation dataset can be attributed, at least in part, to the smaller size of the
validation set. A smaller dataset can, for example, exhibit less variation in the data, which
may result in capturing less extreme values that would otherwise contribute to a higher RMSE.
Furthermore, an early stopping mechanism is incorporated into the model training process to
prevent over-fitting of the training data and to enhance the generation of reliable results for

unseen data.

5.3.3 Performance metrics

The validation is conducted for satellite soil moisture products, as well as for the merged
dataset. At each CRNS site, the bias, RMSE, unbiased root mean square error (ubRMSE),
and Pearson correlation coefficient (r) are calculated. 6; represents the corresponding satellite
retrieval or merged dataset, 6.5 represents the CRNS soil moisture measurements, and F []
is the expectation operator. o; and oemps are the time-variances of the estimated (retrieval or

merged dataset) and observed soil moisture for the pixel, respectively.

Bias = E (0;) — E (Derns) (5.14)
RMSE = \/E[(6; — (Ocrns)))? (5.15)
WbRMSE = \/E[(6; — E (6:)) — (Bcrns — E (ferns))?] (5.16)

_ \/E [(91 -FE (91)) : (ecrns - K (ecrns))}

0i0crns

R

(5.17)
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5.4 Results and discussions

5.4.1 Evaluation of remote sensing products

Fig. 5.4 summarizes the error metrics for remote sensing soil moisture products compared to
CRNS observations at thirteen stations between 11 January 2018 and 31 December 2018. The
SMAP L3E has the best performance, with median bias of -0.014 ¢cm3/cm3, median ubRMSD of
0.057 em®/cm? and median R of 0.77. For AMSR2 and ASCAT, the median ubRMSD is 0.064
em?/cm?® and 0.098 cm?/cm?®, respectively, while median R are 0.67 and 0.64. The SMAP L3E,
AMSR2, and ASCAT show negative bias compared to CRNS, which could be attributed to the
vertical depth mismatch between remote sensing products and CRNS observations. However,
the ESA CCI passive dataset gives a wet bias of approximately 0.09 cm?/cm?, the finding is
consistent with previous studies (Yang et al. 2021a; Zhu et al. 2019). The large difference between
in-situ observations and ASCAT and AMSR2 might be attributed to the soil porosity data
obtained from LDAS, which converts soil saturation into volumetric soil moisture. The key to
improving the accuracy of volumetric soil moisture measurements obtained from AMSR2 and
ASCAT systems lies in acquiring high-quality soil porosity data characterized at high spatial
resolution. The time series of satellite-based soil moisture retrievals and corresponding ground
soil moisture averaged over thirteen sites are presented in Fig. 5.5. Here, we present the average
in order to reduce the influence of spatial heterogeneity, which might be introduced by scale
mismatches between remote sensing products and in situ measurements. SMAP L3E, ASCAT,
and ESA CCI passive exhibit the ability to represent the seasonal variations approximately.

Nevertheless, the soil moisture range observed in the AMSR2 data exhibits significant damping.

5.4.2 Comparison of LSTM performance with different setups

Fig. 5.6 shows the spatial patterns of the merged soil moisture derived from different LSTM setups.
It is found that the LSTM merged soil moisture demonstrates an integration of the distinctive
attributes found in both LSTM__ST and LSTM_ DT; on the contrary, the LSTM__DFSF exhibits
the lowest spatial variability. In order to evaluate the accuracy of the different LSTM setups
and compare the influence of different features, we compare evaluation metrics for different
LSTM setups with respect to reproducing measured soil moisture at CRNS stations in Fig. 5.7.
It is found that the LSTM gives the best performances, with a relatively low median bias of
-0.013 em?/cm?®, median ubRMSD of 0.052 2/cm? and high median R values of 0.77. Conversely,
the LSTM__ DT model exhibits the poorest performance, characterized by a larger positive
median bias of 0.136 cm®/cm? and median ubRMSD value of 0.106 cm?/cm?, along with the
lowest median R value of 0.55. In terms of all evaluation metrics, LSTM__ST demonstrates
superior performance compared to LSTM__DFSF| indicating that the soil moisture at finer
resolution is mostly influenced by the static parameters. Previous studies demonstrated that the
small-scale variability of soil moisture is primarily influenced by topography and soil textural

parameters. Meteorological variables, on the other hand, exhibit a significant impact on soil
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Figure 5.4: Box plots of statistical metrics for comparison between remote sensing soil moisture
and CRNS soil moisture at thirteen stations. The metrics are calculated for the
period from January 10, 2018 to December 31, 2018: (a) Bias; (b) ubRMSD; (c) R
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Figure 5.5: Time series of soil moisture of in situ observations (black square), SMAP L3E (green
dots), AMSR (cyan dots), ASCAT (purple dots), and ESA CCI (orange dots) over
thirteen stations for 10 January 2018 — 31 December 2018. The bottom graph

represents the daily time series of precipitation forcing from COSMO-REAG.

moisture variability mostly at regional or watershed scales (Crow et al. 2012; Karthikeyan et al.
2021). The poor performance of the LSTM__DFSF scenario compared to the LSTM scenario
also illustrates that both dynamic parameters and static features play an important role while
predicting soil moisture at finer spatial scales.

To study the temporal dynamics of the soil moisture, the in situ data and merged soil moisture
datasets derived from different LSTM setups are compared in Fig. 5.8. The LSTM and LSTM_ ST
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Figure 5.6: Comparison of spatial soil moisture maps from different LSTM scenarios. Shown
are average soil moisture distributions for the period from January 10, 2018, to
December 31, 2018: (a) LSTM; (b) LSTM_DFSF; (¢) LSTM_DT; (d) LSTM ST

merged datasets exhibit consistent agreement with observed dry-down and wetting-up patterns,
demonstrating their ability to capture precipitation intensities accurately. The LSTM__DFSF
and LSTM_ DT merged datasets can hardly capture the temporal soil moisture variations,
especially during soil moisture dry-down events, which usually happen during a period following
the precipitation events. In contrast to LSTM__DFSF, LSTM_ DT exhibits a more pronounced
overestimation, arising from the duplication of precipitation data present in both the dynamic
features and the remote sensing soil moisture datasets. This demonstrates that the LSTM model

learns the features of various soil textures and captures the soil dry-down patterns over time.

5.4.3 Evaluation of merged soil moisture by TC

The relative weights of SMAP L3E, AMSR2 and ASCAT calculated by the T'C-based method
are shown in Fig. 5.9. The weights are assigned to each dataset as a function of the magnitudes
of their error variances. Lower error variances will be associated with higher weights, whereas
higher error variances are associated with lower weights. In general, the ASCAT has low weights

(below 0.2), implying that the merged soil moisture product receives larger weights from SMAP
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Figure 5.7: Box plots of statistical metrics by comparing soil moisture from the LSTM scenario
and measured by CRNS evaluated at thirteen CRNS stations. The metrics are

calculated for the period from January 10, 2018, to December 31, 2018: (a) Bias;
(b) ubRMSD; (¢) R
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Figure 5.8: Time series of soil moisture in situ observations (black square), LSTM (green dots),
LSTM_DFSF (cyan dots), LSTM_DT (purple dots), and LSTM__ST (orange dots)
over thirteen stations for 10.January 2018 — 31. December 2018. The bottom graph
represents the daily time series of precipitation forcing from COSMO-REAG.

L3E and AMSR2. SMAP L3E exhibits high weights in southern regions, which are predominantly
characterized by dense forests and complex topographic features. This indicates that the SMAP
L3E demonstrates the least variability in error estimates within areas of high vegetation density.
This finding is consistent with previous studies, that SMAP could capture the soil moisture
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Figure 5.9: The spatial distribution of the weights of (a) SMAP L3E; (b) AMSR2 and (c)

ASCAT estimated using triple collocation for data fusion of soil moisture.

under conditions of dense vegetation coverage (Andreadis et al. 2022; Ayres et al. 2021; Chan
et al. 2018; Cui et al. 2017).

Fig. 5.10 shows the spatial distribution of soil moisture over the simulation domain. The TC
combined dataset is derived from the original products, which, in theory has the potential to
reduce the random retrieval errors observed in the original products. Our results reveal distinct
spatial patterns among the individual products, whereas the merged product exhibits wet and
dry patterns similar to the SMAP L3E product. Specifically, the figure shows high levels of soil
moisture in southwestern areas, accompanied by a general decrease in wetness in central northern

regions.

5.4.4 Comparison of merged soil moisture datasets from TC-based, Mean and LSTM
scenario

The boxplot (Fig. 5.11) summarizes the comparison between the LSTM merged product, TC
merged product and the simple arithmetic average dataset (equal weights for each parent dataset).
It shows that the LSTM merged product and TC merged product have similar performance in
terms of median ubRMSD and R (ubRMSE = 0.052 cm?®/cm? and 0.052 cm®/em?®, R = 0.79
and 0.80, respectively). However, the TC merged product has a larger bias than the LSTM
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Figure 5.10: Spatial soil moisture distributions derived from original and merged datasets.
Shown are average soil moisture distributions for the period from January 10, 2018
to December 31, 2018: (a) SMAP L3E; (b) AMSR2; (c) ASCAT; (d) TC merged.

merged product (-0.041 em®/cm® compared to -0.006 cm?/cm?®). The arithmetic average product
shows the worst performance, with the largest bias of -0.058 cm®/cm3, a median ubRMSE of
0.058 cm?/cm?® and a median R of 0.76. The three merged soil moisture datasets show better
performance than the ESA CCI passive in terms of all evaluation metrics. Recall from previous
sections, the median bias, median ubRMSD and median R are 0.093 cm?®/cm?, 0.063 cm?/cm?,

and 0.75, respectively.

Fig. 5.12 gives the spatial patterns of the three merged soil moisture products. It reveals that
the merged products incorporated the characteristics of the original products. In theory, the
merged soil moisture products should reduce the random retrieval error associated with remote
sensing instruments, algorithms, and other factors. The spatial pattern of each merged soil
moisture product shows similar spatial distributions, exhibiting elevated soil moisture levels in
the southern mountainous regions and lower soil moisture levels in the northern regions. Some
discrepancies are observed between the TC merging approach and the arithmetic average method
in the southeast and northeast areas. Notably, the weight assigned to the SMAP L3E product
exceeds 0.6 in these areas (see Fig. 5.9). The LSTM merged soil moisture exhibits significant
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Figure 5.11: Box plots of statistical metrics for comparison between merged soil moisture
products at thirteen CRNS stations: (a) Bias; (b) ubRMSD; (c) R.

spatial heterogeneity, as it integrates fine-scale resolution information derived from both static

and dynamic parameters.

To have a comprehensive understanding of the performance of different data fusion methods,
the soil moisture time series are visually presented in Fig. 5.13. It is found that the TC
and arithmetic mean merged products exhibit generally comparable variability, particularly in
scenarios characterized by minimal discrepancies between the original products. However, the
TC method demonstrates superior performance under low soil moisture conditions compared
to the simple averaging method. Nevertheless, the TC-based method should be preferred over
the simple arithmetic mean method, as it could yield optimal weighing factors and result in a
better merged product. The LSTM merged product agrees well with the temporal dynamics of
in-situ measurements, indicating its capability to capture the relationship between remote sensing

observation and CRNS soil moisture measurement, considering the influence of penetration depth.

5.5 Discussions

As shown in Fig.5.12 and Fig. 5.13, the LSTM-based merged product exhibits more variability
in spatial patterns and a closer alignment with CRNS measurements compared to the TC-based
merging dataset. The TC merged dataset exhibits more sensitivity to the extreme events (e.g,
wetting and drying conditions) that are subject to similar performance in the parental remote
sensing products. This might be attributed to the limited information constrained in the remotely

sensed soil moisture penetration depth, which lacks information about the deeper soil. In
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Figure 5.12: Comparison of spatial soil moisture distributions derived from merged datasets.
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Figure 5.13: Time series of soil moisture in situ observations (black square) and merged soil
moisture from TC (green dots), merged soil moisture by arithmetic mean (cyan
dots), and merged soil moisture by LSTM (purple dots) over thirteen stations for
10 January 2018 — 31 December 2018. The bottom graph represents the daily time
series of precipitation forcing from COSMO-REAG.
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contrast, the LSTM is capable of exploiting this temporal information from CRNS during the
training process. Additionally, its window size mechanism allows the model to learn long-term

dependencies and effectively capture the soil moisture memory.

While complete independence of in situ measurements would be optimal for validation purposes,
the acquisition of such data may be constrained by the fact that only thirteen in situ stations
are located in the research area. Some validation sites, in particular those with high bulk density
or dense vegetation cover, exhibited unique performance characteristics. Therefore, we proposed
that the inclusion of training data across a range of conditions could enhance the robustness of the
LSTM model. Alternatively, we implemented an evaluation strategy, which involves training the
model on data spanning from 2015 to 2017 and evaluating on an entirely independent year (2018),
which was characterized by significant dryness. This allows us to assess the generalizability of

the model across different conditions.

Our findings demonstrate that LSTM can be an effective approach to merge soil moisture
observations from active and passive satellite microwave sensors; however, there are some
limitations in the approach. The LSTM model targets in situ data with parameter tuning.
In contrast, the TC merging scheme relies solely on error calculations. Thus, the comparison
with TC-based merging datasets may not be entirely fair. Despite this, we present our findings
to demonstrate the applicability of the LSTM model and encourage further research in this
direction. The LSTM model application can be hindered in the areas where the in-situ soil
moisture measurements are sparse, such as Africa. A spatial mismatch exists between the LSTM
grid and in situ sampling, which increases the uncertainty in the training process. In addition, the
LSTM merging scheme generates a higher resolution merged dataset by leveraging information
from high-resolution static and dynamic feature datasets, but its effectiveness can be limited in
complex landscapes. In addition, there is also a vertical mismatch between the remote sensing
products and the CRNS measurement, which could affect the comparability of the merged
product with the CRNS soil moisture datasets. Although the CNRS shows advantages for the
validation of the near-surface soil moisture products (Fersch et al. 2018; Howells et al. 2021;
Montzka et al. 2017), the higher penetration depth of the CRNS should be considered (Bayat
et al. 2020; Montzka et al. 2017).

Previous studies (Yilmaz et al. 2012) have demonstrated that the TC merging scheme does not
always produce a superior product to the simple arithmetic mean method. Peng et al. (2021)
have confirmed this finding and demonstrated that TC-based approaches provide better results
when the parent products exhibit large differences. The results obtained in this study align with
those studies and show that the TC merged product exhibits superior performance in terms of
smaller bias, lower ubRMSE, and higher Pearson r when compared to the arithmetic mean soil
moisture product. The TC merging scheme could be further improved to optimally retain both
spatial and temporal information by taking into account the spatial and temporal non-stationary
errors (Zhou et al. 2021). This would facilitate a more accurate comparison with other machine

learning merging methodologies.

Future research can enhance the predictive capacity of the model and evaluate its performance in

areas that are not included in the training, which could be done by increasing the training data
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or using transfer learning techniques. Moreover, related physical constraints can be introduced
into the LSTM model to guide the training process. Studies (Singh et al. 2023; Wang et al.
2023) have shown that the performance of physics-informed machine learning can be significantly
improved in scenarios traditionally challenging for traditional machine learning methods, such as

sparse datasets and extreme values.

5.6 Conclusions

The acquisition of high-quality soil moisture data at high spatial and temporal resolution is of
importance for hydrological and meteorological applications. In this study, we select a region
in western Europe exhibiting very heterogeneous land use and topographical variations. In the
research area, multiple sources of soil moisture products are accessible, from either satellite
retrievals (e.g., SMAP L3E, AMSR2 and ASCAT) or field measurements by Cosmic Ray Neutron
Sensors (CRNS). We train a Long Short-Term Memory (LSTM) model with retrievals and
a limited number of in-situ measurements. Subsequently, we employ the pre-trained LSTM
model to make predictions in research areas where in-situ measurements are not attainable. Our
investigation includes the assessment of various parameter configurations within the LSTM model.
A TC-based merging scheme and the arithmetic mean method are also employed to merge the

different satellite soil moisture products and generate a merged soil moisture product.

Results for the different scenarios of the LSTM model illustrate the importance of incorporating
both static and dynamic data in the soil moisture merging scheme at finer spatial resolution.
Static data like soil texture information influences the spatial soil moisture variation not only by
the high-resolution information, but also by its role in the soil drying process over time. Accurate
static information at high spatial resolution exerts an important influence on enhancing the

correlation between the merged soil moisture dataset and in situ measurements.

The LSTM and TC merged soil moisture datasets exhibit the ability to effectively integrate
soil moisture information derived from diverse remote sensing products. They demonstrate
comparable performance in terms of ubRMSE and R when compared to in-situ measurements,
better than a soil moisture dataset based on the simple arithmetic mean of the different remote
sensing products. Notably, the LSTM approach demonstrates reduced bias and superior handling
of spatial and temporal variations than the TC merged dataset, owing to its intricate weighting
calculations by incorporating information from both static and dynamic parameters at a finer
resolution. This demonstrates the potential of LSTM as a robust tool for soil moisture prediction,

characterization, and scaling.






Fusion of multiple microwave soil moisture
products for data assimilation in land surface
models

*adapted from: Zhao, H., Montzka, & Franssen, H. J. H. (2024). Fusion of multiple microwave

soil moisture products for data assimilation in land surface models, in preparation.

6.1 Introduction

Soil moisture plays an important role in the water and energy cycles at the catchment, regional,
and global scale, by controlling the division of net radiation into sensible and latent heat fluxes
(Entekhabi et al. 1996; Seneviratne et al. 2010). Additionally, it controls the distribution of
precipitation between surface runoff and subsurface infiltration (Eltahir 1998; Liu et al. 2011a)

and has a significant influence on the carbon cycle (Falloon et al. 2011; Green et al. 2019).

Satellite-based soil moisture monitoring has become an effective method for obtaining regional-
to-global soil moisture estimates with a temporal resolution of 1 to 2 days (Babaeian et al.
2019). The microwave instruments are well-suited for soil moisture estimation due to their high
sensitivity to the dielectric properties of soil (Dobson et al. 1986; Schmugge et al. 1986). The Soil
Moisture and Ocean Salinity (SMOS) mission (Kerr et al. 2010) and the Soil Moisture Active
Passive (SMAP) mission (Entekhabi et al. 2010a) were launched specifically to monitor soil
moisture. These missions operate at L-band (1.4 GHz), which is very sensitive to soil moisture
and less affected by vegetation and atmospheric conditions (Wang et al. 1981). Prior to these
missions, soil moisture products have been retrieved from other microwave sensors that were
designed for multiple purposes and operational applications. The passive microwave Advanced
Microwave Scanning Radiometer (AMSR-E) was launched in 2002 and operated at 6.7 GHz,
10.7 GHz, and 18.9 GHz to provide information on soil moisture, sea surface temperature, sea
ice concentration, and other variables (Njoku et al. 2003). The Advanced Microwave Scanning
Radiometer 2 (AMSR2) is a successor to the AMSR-E, providing continuity of soil moisture
data (Imaoka et al. 2010; Imaoka et al. 2012). Another widely used mission is the Advanced
Scatterometer (ASCAT), operated at C-band (5.3 GHz), providing wind over water surfaces and

soil moisture observations (Wagner et al. 2013).
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In previous studies, soil moisture from different microwave instruments on separate platforms has
already been successfully merged based on different data fusion methods. For example, Liu et al.
(2011b) proposed a cumulative distribution function (CDF) matching approach to rescale the
AMSR2 and ASCAT soil moisture values against a reference land surface model dataset. Based
on this, Liu et al. (2012) further blended the soil moisture products from four different microwave
products. Follow-up research explored the development of new data fusion schemes for merging
soil moisture data, based on both traditional mathematical methods and more advanced neural
network (NN) techniques. Gruber et al. (2017) found that combining soil moisture datasets
using triple collocation (TC) analysis outperformed each individual product in almost all cases.
Kolassa et al. (2017a) used the NN retrieval algorithm to merge the ASCAT and AMSR-E and
found that the merging yielded a more accurate soil moisture prediction product. These results
were in line with other similar findings (Kim et al. 2020; Mousa et al. 2020b; Xie et al. 2022),
demonstrating the motivation for the development of improved soil moisture datasets by blending

satellite-based retrievals from multiple frequencies and multiple sensors.

Soil moisture from various satellite missions can also be combined with land surface models
(LSMs) through data assimilation. By merging additional information, the LSMs can have a
better prediction of soil moisture as well as other hydrological variables at a finer spatial and
temporal scale (Houser et al. 1998). Some studies have investigated the benefits of assimilating
blended soil moisture datasets. Gevaert et al. (2018) found that joint assimilation of L- and
C-band retrievals outperformed individual assimilation of C-band retrievals in the Australian
Landscape Water Balance model (AWRA-L) (Wallace et al. 2013). Nair et al. (2019) assimilated
the soil moisture products from AMSR2 and ASCAT missions and showed that merging the
blended products has more advantages at capturing the dynamics of soil moisture over large
areas at daily temporal resolutions. Similar results were also found by Draper et al. (2012) and
Kolassa et al. (2017b). The integration of different microwave sensor data is anticipated to lead
to a higher benefit of data assimilation, but the extent of this benefit and the influence of merging

techniques remain to be demonstrated.

In this study, we assimilate soil moisture retrievals from three different missions, namely SMAP,
AMSR2, and ASCAT and their merged datasets in the Community Land Model (CLM, version
3.5) using an Ensemble Kalman Filter (EnKF). The assimilation experiments build on the work
of Zhao et al. (2024) to investigate different data fusion strategies for merging active and passive
remotely sensed soil moisture information in data assimilation. We compare 1) the assimilation of
the separate soil moisture products and 2) the assimilation of merged soil moisture products from
Zhao et al. (2024). The merging schemes include the commonly used arithmetic mean method
and the Triple Collocation (TC) based method, as well as a novel Long-Short Term Memory
(LSTM) algorithm. We aim to investigate whether combining information from different missions
leads to added value in data assimilation skills. Additionally, we investigate the differences
between the merging strategies in terms of their performance in data assimilation experiments

and evaluate whether the benefit of assimilation depends on the quality of merged products.
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6.2 Materials and Methods

6.2.1 Data
6.2.1 (a) Remote sensing soil moisture products

This study uses soil moisture products from three space-borne sensors: passive microwave products
from Soil Moisture Active Passive (SMAP) at L-band, Advanced Microwave Scanning Radiometer
2 (AMSR2) at C-band, and an active microwave product from Advanced Scatterometer (ASCAT)
at C-band. The three different soil moisture products have different spatial resolutions and
penetration depths (Brocca et al. 2017; Entekhabi et al. 2010a; Njoku et al. 2003; Ulaby et al.
1982). The SMAP SPL3SMP_E product boasts a superior spatial resolution of 9 km, whereas
the AMSR2 GCOM-W1 L3 and ASCAT H119 products exhibit a coarser resolution of 25 km.
The quality control procedures are performed before data assimilation by excluding soil moisture
data where snow cover, frozen soil, and dense vegetation are found. Daily composite retrievals
are generated by averaging observations from both descending and ascending overpasses and

then resampled to a 500 m x 500 m grid using the Nearest Neighbour approach.

6.2.1 (b) Merged soil moisture products

Merged soil moisture products are calculated using three different strategies, referred to as (1) Avg
(Average), (2) TC (Triple Collocation), and (3) LSTM (Long Short-Term Memory), respectively.
The Avg method employs a simple arithmetic mean of the three parental soil moisture products.

The merged soil moisture SM,¢ is obtained as:

SMavg = 1/3 - SMgmap + 1/3 - SMamsre + 1/3 - SMascar (6.1)

The TC method employs TC analysis, giving weights to each soil moisture product as functions
of their error covariances. This analysis is based on the principle that the error structures of the

three datasets are independent. The merged product SMr¢ can be calculated as:

SMrc = wi - SMsmap + w2 - SMamsr2 + w3 - SMascaT (6.2)

where the wi, we and w3 are the relative weights for SMAP, AMSR2 and ASCAT retrievals. One
dataset is selected as the reference, and its weight is proportional to the uncertainty of the other

two datasets and can be written as:

2 2
g50
Wy = —5— g g 2 2 (6.3)
0103 + 01035 + 0503
2 9
070+
wy = 1=3 (6.4)
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aios

wy = (6.5)

0’%0’% + O’%O’% + 0%032)
where the o7, 02 and o2 represent error variances for SMAP, AMSR2 and ASCAT data.

The LSTM approach is trained using the three remotely sensed soil moisture products as input
and in-situ observations as the target. Following training with years of data from 2015 to 2017,
the estimated soil moisture values are generated for an independent period spanning from 10
January 2018 to 31 December 2018 with a spatial resolution of 500 m x 500 m. The merging

process can be expressed as:
SMrstm = LSTM(SMgsymapr, SMamsr2, SMASCAT; Fistatics Fdynamic) (6.6)

where the Fgtatic and Faynamic denote static and dynamic features, respectively. The static
features include soil texture information and altitude from the Digital Elevation Model (DEM).
Dynamic features include the temporal meteorological forcing from the COSMO-REAG6 reanalysis
product (Bollmeyer et al. 2015) and Leaf Area Index (LAI) from Moderate Resolution Imaging
Spectroradiometer (MODIS). For more information regarding the merging scheme, the reader is
referred to Zhao et al. (2024).

6.2.1 (c) In situ soil moisture measurements

The in situ soil moisture data are obtained from the TERENO observation network Bogena
2016. There are thirteen CRNS stations in the research area (see Figure. 6.1), measuring the
soil moisture with a radial footprint of 150 ~ 240 m size (Ko6hli et al. 2015; Zreda et al. 2012).
The penetration depth of CRNS is inversely proportional to soil moisture content and can be

expressed in terms of Franz et al. 2012a:

i 5.8

* T 9100829 (6.7)

where 6 represents the total soil water content. Data are provided as hourly measurements and
aggregated to daily mean soil moisture. The original data processing methods and comprehensive
information regarding the thirteen stations are accessible through previous publications (Bogena
et al. 2022).

6.2.2 Model and data assimilation system
6.2.2 (a) The Community Land Model (CLM)

The Community Land Model (CLM) is a land surface model that simulates the exchange of
energy, water, and carbon between the land surface and the atmosphere (Oleson et al. 2008).
CLM represents the land surface as a collection of sub-grid cells that do not interact with each

other. Each sub-grid cell has its own set of parameters that represent the biophysical properties
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Figure 6.1: Overview of the research area in North Rhine-Westphalia, Germany, with elevation
and the location of thirteen CRNS stations.

of the land surface, such as vegetation type, soil texture, and topography (Dai et al. 2003). CLM
simulates land surface processes, such as evapotranspiration, water infiltration, photosynthesis,
and respiration. The fluxes are calculated using the Monin-Obukhov similarity theory (Oleson
et al. 2004). The simulation of soil water flow is carried out using a simplified Richards equation
(Oleson et al. 2004).

The CLM soil profile is discretised into 15 layers, with hydrological states and fluxes calculated
for the top 10 layers (Oleson et al. 2010). The soil hydraulic parameters are calculated from sand
and clay fractions based on the Clapp-Hornberger pedo-transfer (Clapp et al. 1978) function
together with the Brooks-Corey parameterization (Milly 1987). It is noteworthy that each grid
cell is simulated independently, implying that lateral water exchange between neighbouring cells

is not considered.

6.2.2 (b) Data assimilation

Data assimilation is done with the classic Ensemble Kalman Filter (EnKF), a well-established

technique that distributes observed information to nearby model grid cells based on correlations
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Table 6.1: Summary of performance metrics in the LSTM model training period (2015 to 2017)

Cross correlation

Variables Noise Standard deviation B SW IW T

p multiplicative 0.15 1.0 -0.8 05 0.0
SwW multiplicative 0.15 -0.8 1.0 -0.5 04
LW additive 30 W m-2 0.5 -0.5 1.0 04
T additive 1.5 K 00 04 04 10

between the observed grid cells and neighbouring grid cells (Reichle et al. 2003). The EnKF
has been extensively applied in the assimilation of remote sensing soil moisture data into land
surface models (Blyverket et al. 2019; Huang et al. 2016, 2008; Patil et al. 2018; Reichle et al.
2002; Tian et al. 2022). It consists of a forecast and an analysis step. In the forecast step, an
ensemble of model predictions is simulated by perturbing the model inputs, e.g., soil texture and
meteorological forcing data. The ensemble represents the uncertainty in the model states. In the
analysis step, the EnKF updates the model states using observations based on the magnitudes
of the model error variance and the measurement error variance. The updated states for the

analysis step at time t are calculated as:

x¢ = x{ + K(y; — Hyx)) (6.8)

where x{ is the model analysis, x{ is the model forecast, H; is the operator that relates the
model output to the measurements, and ¢ indicates the time step. The Kalman Gain K is given
by:

K = CH" (HCH" + R>71 (6.9)

where C is the model error covariance matrix and R represents the observation error matrix.

6.2.3 Numerical experiments

In this study, the modelling domain is composed of 300 x 300 grid cells with a spatial resolution of
500 m x 500 m. The simulation period is from 10 January 2018 to 31 December 2018. The years
2015 to 2017 are used to spin up the CLM model to obtain equilibrium initial state variables. We
have a total of N=32 ensemble members. To address uncertainties in atmospheric forcing and soil
characteristics, both soil texture (%sand and %clay) and meteorological variables are perturbed
in the CLM model. The sand and clay content are perturbed with random noise sampled from a
spatially uniform distribution within a range of + 20 %. To prevent unrealistic values of the soil
parameters, the sum of the sand and clay content is constrained to be less than 100 %. Spatially
homogeneous and temporally uncorrelated normally distributed perturbations are added to
four atmospheric variables, including precipitation, incoming short-wave radiation, incoming
long-wave radiation, and air temperature, based on previous work (Han et al. 2013; Reichle
et al. 2010). Table 6.1 summarises the correlation and standard deviations of the perturbed

atmospheric variables.
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The model time step is 1 hour, and the temporal interval for assimilating soil moisture information
is set to 1 day. Considering the computational efficiency, we select the observations with a step
size of 10, meaning that the number of observations is reduced from 300 x 300 to 30 x 30. In
the DA process, the state vector consists of soil moisture across all soil layers, with a size of
Np = Ny X Nijeysoi, Where Ny is the number of grid cells and njevsoi is the number of soil layers.
The second soil layer, which most closely corresponds to the effective penetration depth of the
remote sensing products, is directly constrained by the assimilated observations. The remaining
soil layers are updated indirectly through the ensemble-estimated cross-layer error covariance
within the EnKF framework. Montzka et al. (2017) compared remote sensing products with
in situ measurements in the same region and found that the unbiased root mean square error
(ubRMSE) for SMAP, AMSR2, and ASCAT were 0.050, 0.087, and 0.060 cm?/cm3, respectively.
Zhao et al. (2024) demonstrated the effectiveness of merged soil moisture datasets from Avg, TC
and LSTM schemes, which are 0.058, 0.052, and 0.052 cm?3/cm?, respectively. These values were

used as the observation error in the assimilation experiments.

The simulated soil moisture from LSMs and the remotely sensed soil moisture products often
exhibit different climatologies, leading to systematic biases between model and observations. A
bias correction step can be applied to ensure consistency with the unbiased error assumption of
ensemble-based methods. Typical approaches include the removal of seasonal bias or cumulative
distribution function (CDF) matching (Reichle et al. 2004). Here, no explicit bias correction is
applied. This choice is motivated by the fact that bias correction may alter the spatial patterns
of the observations and potentially remove independent information contained in the observation

datasets.

The data assimilation experiments conducted in this study are organised according to three
scenarios: (a) an open-loop simulation (CLM-OL, no data assimilation); (b) univariate assimilation
of the different soil moisture remote sensing datasets (CLM-SMAP, CLM-AMSR2 and CLM-
ASCAT); (c) assimilation of merged soil moisture datasets (CLM-Avg, CLM-TC, and CLM-
LSTM). Based on the experiments, we can evaluate the benefit of merged assimilation with

respect to assimilating each soil retrieval separately.

6.2.4 Evaluation metrics

Model performance is evaluated by comparing simulated soil moisture against CRNS measure-
ments. The simulated soil moisture for the top 5 cm and for the layers corresponding to the
CRNS penetration depth are estimated by linearly combining simulated outputs for different
model layers. The Pearson correlation coefficient r and unbiased root mean square error ubRMSE
are employed to assess the agreement between the ensemble mean of simulated soil moisture

0t moder and daily averages of in situ data 6 .rns during the assimilation period.

. Z’thl <9t,model - 0m;del> <6t,crns - 0(:7_'”5)
\/ZZ—‘:I <€t,model - 9m;del>2\/z’{:1 <0t,c7'ns - GC;TLS)Q

(6.10)
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Table 6.2: An overview of the evaluation metrics for open loop (CLM-OL) and assimilation
experiments (CLM-SMAP, CLM-AMSR2, and CLM-ASCAT)

CLM-OL CLM-SMAP CLM-AMSR2 CLM-ASCAT
r ubRMSD r ubRMSD r ubRMSD r ubRMSD
Merzenhausen 0.70 0.065 0.88 0.037 0.70 0.058 0.87 0.040

Station

Aachen 0.84 0.062 0.81 0.049 0.76 0.053 0.79 0.051
Selhausen 0.65 0.077 0.78 0.057 0.61 0.070 0.76 0.057
Heinsberg 0.81 0.058 0.90 0.034 0.55 0.069 0.85 0.043
Wuestebach 0.23 0.060 0.25 0.075 0.36 0.070 0.35 0.077
Gevenich 0.68 0.072 0.79 0.052 0.82 0.049 0.87 0.042

Rollesbroichl ~ 0.75 0.064 0.78 0.050 0.86 0.041 0.80 0.050
Rollesbroich2  0.69 0.078 0.77 0.060 0.85 0.051 0.79 0.057

Ruraue 0.73 0.075 0.81 0.053 0.80 0.054 0.81 0.052
Wildenrath 0.73 0.043 0.79 0.042 0.56 0.051 0.65 0.051
Kall 0.71 0.065 0.85 0.041 0.87 0.038 0.85 0.041
Schoeneseiffen  0.80 0.068 0.83 0.048 0.86 0.045 0.89 0.038
Kleinau 0.77 0.074 0.85 0.052 0.84 0.052 0.85 0.047
_ - 2
WbRMSE — J Z,trzl ((0t,model - 9m0d§i> - (et,crns - ecrns)) (6,11)

A sample size of T = 356 was obtained for each site based on daily observations during the
356-day study period (10 January 2018 to 31 December 2018). In addition to evaluating the
skills of different data assimilation experiments, a normalized error reduction index (NER) is
also calculated:

NERg, = 100 x <1 — @> (6.12)

Eor

where the Epa and Eqy, represent the data assimilation and open-loop runs. The E represents
ubRMSE in this study. NER values between 0 and 1 indicate that the DA has improved the

model’s performance to some extent, while negative NER indicates a degradation in assimilation.

6.3 Results

This section begins by comparing the performance of assimilating individual remote sensing
soil moisture products to in situ measured data, using the CLM-OL performance as a reference.

Following this, the assimilation skills of the different merged soil moisture datasets are analysed.

6.3.1 Assimilating single soil moisture products

First, the performance of CLM-OL is assessed by comparing its simulated soil moisture to in situ
measurements. The correlation coefficients and ubRMSE are computed for CLM-OL at each site
(see Table 6.2). In general, the CLM-OL exhibits a good correlation with the observations, with
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Figure 6.2: The change in correlation (A r and NER between simulated soil moisture and in
situ measurements for the period (2018.01.10 to 2018.12.31), where A r and NER
are calculated over the research period (AY), and spring (MAM), summer (JJA),
autumn (SON) and winter periods (DJF).)

r values ranging from 0.65 to 0.80. However, the Wiistebach site shows low correlation (r = 0.23)
compared to the other sites. The large discrepancy in simulated soil moisture at the Wiistebach
site is primarily attributed to the low porosity in CLM, compared to the true porosity at the site.
The porosity is underestimated as the pedotransfer functions in CLM3.5 do not take organic
matter content into account for calculating porosity. The ubRMSE for CLM-OL varies across
sites, and ranges from 0.043 to 0.077 cm?/cm?®.

The skill of assimilating retrievals compared to CLM-OL is also compared in Figure. 6.2.
The assimilation generally enhances the agreement between modelled soil moisture and CRNS
measurements. The correlation coefficient r increased up to 0.19 compared to the CLM-OL
scenario. The assimilation of SMAP soil moisture and ASCAT soil moisture both have a
significant impact, with a median correlation improvement A r of 0.08 and median NER, of 28.5
% for SMAP and median A r = 0.09 and median NER = 27.3 % for ASCAT. This is followed
by the assimilation of AMSR2 soil moisture (median A r = 0.07 and median NER = 28.7 %).
The performance of data assimilation varies across different sites (see Table 2). Assimilation of
SMAP yields the most significant improvement in r at 5 out of 13 sites, and the lowest at 5 out
of 13 sites. Assimilating remotely sensed soil moisture from ASCAT or AMSR2 gives the largest

improvement in soil moisture characterization for 4 out of 13 sites.

To investigate the influence of seasonality on the effectiveness of soil moisture assimilation, the
assimilation period is divided into four seasons, namely MAM (March-April-May), JJA (June-
July-August), SON (September-October-November), and DJF (December-January-February).
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Figure 6.3: Time series of the daily soil moisture derived from model open loop and assimilation
experiments and in situ measurements. The corresponding daily precipitation rate
from forcing data is also presented.

The assimilation of soil moisture data from SMAP and ASCAT improves the Pearson r most
significantly during the winter period (DJF). In contrast, the assimilation of AMSR2 soil moisture
data primarily enhances r during the transitional periods (MAM and SON). A slight decrease
in r is observed for all three experiments during the summer season (JJA). The ubRMSE
analysis shows that assimilation significantly enhances soil moisture estimation primarily during
transitional periods across all scenarios, while modest improvements are observed in summer,

and no advancements are evident during the winter season.

The time series of modelled soil moisture averaged over thirteen sites are also shown in Figure.
6.3. The soil moisture simulated by CLM-OL replicates the temporal patterns of precipitation
but does not correctly capture the temporal fluctuations observed by the in situ measurements.
The CLM-OL scenario consistently overestimates soil moisture throughout the year. Data
assimilation effectively corrects this bias, resulting in soil moisture estimates that are close to in
situ observations. The improvement is most pronounced in the summer seasons (JJA). During
winter, the CLM-OL more closely matches the in situ measurements, suggesting limited room
for improvement. The assimilation of SMAP data results in a good agreement between the
simulated temporal variation of soil moisture and in situ observations, and captures the variation
in both the shape and magnitude of soil moisture fluctuations. The CLM-ASCAT scenario is
more sensitive to dry down and precipitation events due to ASCAT’s sensitivity to changes in
soil moisture. This is because ASCAT has a shallower penetration depth, ranging from 0.5 to 2.0
cm in the topsoil (Seo et al. 2021).

Figure. 6.4 shows the spatial pattern of average soil moisture for the upper soil layer (5 ¢cm) for
different data assimilation experiments. Spatial soil moisture patterns for the open loop and
three DA experiments show higher soil moisture in the southern region and lower soil moisture
in the northern region, as southern areas typically experience higher precipitation compared to
northern regions. However, large discrepancies are observed in the north-western corner, where

soil texture is characterized by a high sand content. The CLM-OL simulation generally produces
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Figure 6.4: Spatial distribution of soil moisture (5 cm) from (a) CLM-OL, (b) CLM-SMAP, (c)
CLM-AMSR?2, (d) CLM-ASCAT for the period 2018.01.10-2018.12.31.

slightly higher soil moisture estimates compared to other scenarios over most parts of the research

area. The assimilation of ASCAT soil moisture exhibits more spatial variability.

The number of available observations differs strongly across the remotely sensed soil moisture
products. The SMAP dataset provides 11 to 457 observations per day for 354 days, the AMSR2
dataset provides 50 to 70 observations per day for 343 days, and the ASCAT dataset provides
144 observations per day for 356 days. The coverage of different soil moisture datasets has an

impact on the data assimilation results.

6.3.2 Evaluation of the added value of merged dataset assimilation

The assimilation of the merged soil moisture products CLM-Avg and CLM-TC gives similar results,
in terms of median improvements of r 0.09 and 0.08, and median ubRMSE reduction of 31.34%
and 28.80%, respectively. However, the assimilation of CLM-LSTM shows less improvement
(median improvement of r = 0.04, and median NER = 19.64%). The performance of different
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Figure 6.5: The change in correlation (A r and NER between simulated soil moisture and in
situ measurements for the period (2018.01.10 to 2018.12.31), where A r and NER
are calculated over the research period (AY), and spring (MAM), summer (JJA),
autumn (SON) and winter periods (DJF).

assimilation scenarios varies across sites and time periods (see Figure. 6.5). The assimilation of
merged soil moisture datasets demonstrates the most significant improvement in the Pearson
correlation coefficient (r) during the winter period (DJF), followed by the transitional periods
(MAM and SON). A pronounced reduction in ubRMSE is observed during transitional periods
(MAM and SON), aligning with the assimilation of SMAP and ASCAT data. Notably, the
assimilation of LSTM merged datasets exhibits superior performance in reducing ubRMSE during

the winter season.

To evaluate the potential benefit of the assimilation of merged soil moisture products, the
assimilation of merged datasets is compared with assimilating individual soil moisture products.
The result (Figure. 6.6) indicates that the joint assimilation is superior to assimilating retrievals
from AMSR2 individually. On average, the assimilation scenarios for CLM-Avg, CLM-TC and
CLM-LSTM improve the Pearson r by 0.05, 0.03 and 0.01, respectively, compared to AMSR2.
However, it shows only slight improvement or no improvement compared to assimilating soil
moisture products from SMAP or ASCAT alone. In comparison to assimilating the SMAP
product, assimilating the merged datasets resulted in no change in r for CLM-Avg and a slight
decrease in r of 0.02 and 0.04 for CLM-TC and CLM-LSTM, respectively. Similarly, compared
to using the ASCAT product, assimilating the merged datasets resulted in no change in r for
CLM-Avg and a slight decrease in r of 0.02 and 0.05 for CLM-TC and CLM-LSTM, respectively.
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Figure 6.6: The difference in correlation (A r and NER between assimilating merged datasets
and assimilating single retrieval for the period (2018.01.10 to 2018.12.31).

6.4 Discussions

Previous studies have shown that the SMAP soil moisture products perform best when evaluated
with in situ measurements. As expected, the assimilation of datasets with higher accuracy
generally provides more information. Here, we show that assimilation of the SMAP dataset leads
to the most improved estimates, compared to ASCAT and AMSR2. Interestingly, the assimilation
of ASCAT soil moisture products also gives a comparable performance to the assimilation of
SMAP retrievals. This can be attributed to the different settings of the observation errors,
which affect the Kalman gain in the assimilation process. The comparable performances for
assimilating different products also indicate the potential for substitution within data assimilation
systems with minimal impact on model performance. This finding holds significance for long-term
land surface modelling applications where transitions are needed between different microwave

Sensors.

The assimilation of merged soil moisture datasets usually has similar performance to assimilating
individual retrievals like SMAP and ASCAT, but improves the model performance compared to
assimilating individual, less accurate products like AMSR2. The assimilation of merged datasets
from Avg. and TC gives similar performance and better than LSTM. This may be related to
the fact that the LSTM merged datasets were only trained with a limited number of stations,
introducing uncertainties in other areas. The merged products appear to leverage the useful
information from retrievals. In line with previous studies (Draper et al. 2012; Gevaert et al. 2018;
Kolassa et al. 2017a), our results support that joint assimilation of active and passive microwave

soil moisture products can achieve similar model performance when compared to assimilation of
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individual products. Kolassa et al. (2017a) found that the skill of assimilation experiments is
not only related to the skill of the assimilated products but also related to observation errors

specified in the assimilation process.

In this study, the observation errors are set to be spatially and temporally uniform for each soil
moisture product, which could lead to unrealistic spatial patterns in the observation error and
have an influence on the assimilation results. Given the significant influence of topography and
dense vegetation on satellite retrievals, their weighting in mountainous regions should be reduced.
A refined approach to observation error specification could enhance the identification of reliable

information and improve remotely sensed soil moisture assimilation.

It is important to note that the data assimilation period is restricted to the year 2018, a very dry
year. Long-term soil moisture assimilation experiments would likely yield different assimilation
results. For example, for an average year, the LSTM would probably perform better than for the
very dry year 2018, as the training period did not include a very dry year. The other merged soil
moisture products (from average and TC-based merging schemes) are probably less impacted by
the specific conditions during the year. The present study evaluates soil moisture estimations at
only 13 stations. This limited number of sites is insufficient for capturing the large variability in
soil, land cover types, and slope patterns. With the availability of satellite and in situ data, the
data assimilation strategy employed in this study could be extended to the EURO-CORDEX

domain to acquire accurate soil moisture over the continental scale.

6.5 Conclusions

In this study, the land surface model Community Land Model (CLM) version 3.5, coupled to
the Parallel Data Assimilation Framework (PDAF), CLM-PDAF, was used to assimilate soil
moisture retrievals from active (ASCAT) and passive (SMAP and AMSR2) microwave sensors
and their merged datasets for an area in Western Germany for the very dry year 2018. The
retrievals, as well as merged datasets, were subject to quality control and remapped to the same
spatial resolution. The merging schemes included arithmetic averaging, triple collocation, and
the machine learning method LSTM (Long Short-Term Memory). The different open-loop and
data assimilation scenarios were evaluated against in situ soil moisture measurements by CRNS

stations.

Data assimilation enhances the accuracy of soil moisture simulations, leading to an improvement
of the Pearson correlation coefficient r evaluated on the basis of a comparison with in situ
observations (A r ranging from 0.04 to 0.19) and a reduction of the ubRMSE between 2% and
42% depending on the assimilated datasets, and always compared to open loop simulations. The
assimilation is more informative during transitional periods (spring and autumn). Overall, the
soil moisture from SMAP shows the best agreement with in situ observations; this is consistent
with previous studies (Gevaert et al. 2018; Seo et al. 2021).

The assimilation of merged soil moisture products (by arithmetic averaging and triple collocation)

shows similar performance as the assimilation of single soil moisture products. It improves model
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performance more in the transitional seasons (MMA and SON). The assimilation demonstrated
relatively minor or no improvements in the simulation of soil moisture during the winter season,
which could be attributed to the presence of snow and frozen soil Kumar et al. (2009). The LSTM
merged dataset assimilation does not improve or even deteriorate performance, particularly
during the summer season, suggesting its inability to effectively merge soil moisture information

retrieved under dry conditions that are not included in the training period.

Compared to the single retrieval assimilation, the assimilation of merged datasets results in
a better performance than assimilating the less informative retrieval of AMSR2. However,
assimilating merged soil moisture products does not give better results compared to assimilating
SMAP or ASCAT individually.






Summary and outlook

Soil moisture plays a crucial role in regulating the Earth’s water and energy cycles by influencing
the partitioning of water between infiltration, runoff, and evapotranspiration, and the partitioning
of incoming solar radiation into latent and sensible heat fluxes at the land-atmosphere interface.
Soil moisture information can be obtained from in situ observations, remote sensing techniques,
and land surface modelling (LSM). However, each of these methods has its own advantages and
limitations. Advances in data assimilation (DA) techniques make it possible to merge remote
sensing observations and model simulations to improve the model’s accuracy and reliability.
However, most traditional LSMs often have simplified representations of subsurface processes
and neglect lateral water movement. One aspect of this PhD research was to assess whether a
coupled land surface-subsurface model (CLM-ParFlow) can derive more information from DA
than a stand-alone land surface model (CLM). Another objective was to explore the potential of

merging active and passive remote sensing retrievals to further improve DA performance.

The thesis evaluated the performance of CLM compared to the CLM-ParFlow model for accurate
soil moisture prediction at regional scales and highlighted the importance of considering lateral
flow dynamics. Multiple regional and continental. Consistent with previous studies (Naz et al.
2019; Shrestha et al. 2018), CLM tends to overestimate soil moisture and fails to capture short-
term dynamics on daily to weekly timescales. Our results indicated that the coupled model
improves the representation of soil moisture variability by accounting for lateral surface and
subsurface distribution. This is in line with recent studies (Ji et al. 2017; Rummler et al. 2019),
demonstrating that subsurface lateral flow plays an important role in controlling soil moisture
patterns and hydrological connectivity, especially in areas with complex hydrological processes.
Including these processes enhances the physical consistency of the simulated terrestrial water

cycle and improves the realism of soil moisture dynamics.

This thesis further tested and compared the performance of CLM and CLM-ParFlow for extracting
information from remote sensing soil moisture (SMAP L3_SM_P_E product) via the Localized
Ensemble Kalman Filter (LEnKF) assimilation scheme. While data assimilation improved
soil moisture estimates relative to in situ observations, the impact on other variables, such as
evapotranspiration (ET) and groundwater levels, remained limited. Improvements were more
pronounced for CLM than for CLM-ParFlow, likely because the latter already provides a more
physically realistic representation of subsurface processes, leaving less room for correction through
assimilation. Moreover, the strong influence of topography-driven lateral flow in CLM—ParFlow,
particularly at high spatial resolution (e.g., 500 m), reduces the effectiveness of assimilating

coarse-resolution satellite observations ~ 9 km) and propagating the information horizontally
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across other model grid cells. Both models exhibited comparable performance in terms of ET, as
they shared the same ET parameterization scheme. The sensitivity of ET to soil moisture was
more evident under water-limited conditions than under energy-limited conditions. In contrast,
groundwater simulations did not benefit from soil moisture assimilation in CLM-ParFlow. This
may be attributed to the fact that the spatial distribution of groundwater dynamics is governed
by deeper subsurface processes, which are indirectly linked to surface soil moisture. In addition,
the spatial distribution of groundwater is highly heterogeneous, and in situ well measurements are
often influenced by local effects (e.g., soil properties, pumping, and small-scale hydrogeological
features). It was also found that the assimilation of coarse-resolution remote sensing retrievals

may not enhance model performance.

This work proposed a novel LSTM method and a traditional TC-based method to merge soil
moisture retrievals from spaceborne active and passive microwave sensors, including SMAP,
AMSR2, and ASCAT. The merged products were evaluated against in situ observations and
benchmarked against the ESA CCI soil moisture dataset. Results showed that the LSTM-
based product achieved improved agreement with ground measurements in terms of bias and
ubRMSE, while both LSTM and TC approaches outperformed the ESA CCI dataset. The
superior performance of the LSTM can be attributed to its ability to integrate both static and
dynamic features and to learn complex nonlinear relationships from the training data. The
TC-based method calculated the weights by taking into account the error characteristics of the
parental data sets. It is important to note that the LSTM model may not fully capture regional
effects due to the limited number of in situ stations, and its application is also hampered in areas
where in situ stations are sparse. In addition, the TC merging scheme could be improved by

considering the seasonal variability of weights.

The thesis further investigated the assimilation of individual and merged soil moisture products
into the CLM model using a data assimilation framework. Different assimilation scenarios were
evaluated against in situ soil moisture measurements at thirteen sites. DA generally had a
positive impact on the characterization of surface soil moisture with increased Pearson r and
decreased ubRMSE. Assimilating SMAP and ASCAT resulted in slightly better performance
compared to assimilating AMSR2, but the differences between the assimilation of SMAP and
ASCAT are not significant. The consistency observed between soil moisture retrievals from SMAP
and ASCAT indicated a potential benefit for long-term assimilation studies, especially when
relying on data from multiple sensors or platforms. The assimilation of merged products did not
consistently outperform the assimilation of individual datasets. For example, the LSTM-based
merged product led to degraded performance in some cases. This can be explained by the fact
that data assimilation systems rely not only on the accuracy of the input data but also on
the consistency of their error characteristics with the model assumptions. While the LSTM
product performs well in a direct comparison with observations, it may exhibit altered error
structures that are not properly represented in the assumed observation error model. As a result,
the assimilation may introduce suboptimal updates. Furthermore, the limited generalization
capability of the LSTM under conditions not represented in the training period (e.g., the dry
conditions in 2018) reduces its effectiveness as an assimilation input. In contrast, the TC-based

product, despite being simpler, preserves the statistical properties of the original datasets more
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consistently, making it more compatible with the assumptions of the DA framework.

From these studies, we conclude that the assimilation of remotely sensed soil moisture information
helps improve the characterisation of hydrological processes in LSMs. In particular, the stand-
alone CLM is known to exhibit a systematic wet bias in soil moisture, which can be effectively
reduced through data assimilation. In addition, the coupled CLM—-ParFlow model demonstrates
an enhanced capability to utilize observed information by redistributing soil moisture laterally
through subsurface flow processes. This lateral connectivity allows observational information
to propagate across neighboring grid cells, which is not represented in the stand-alone CLM.
However, the benefits of assimilating surface soil moisture are largely confined to the upper soil
layers and do not consistently translate into improvements in the full soil column or in related
fluxes such as ET. As previously stated, the information obtained from a single data source (e.g.,
remote sensing soil moisture data) may not be sufficient for the desired improvements in other
model compartments. Many studies (Heyvaert et al. 2024; Khaki et al. 2020; Rahman et al.
2022; Scherrer et al. 2023; Tangdamrongsub et al. 2020) have demonstrated that the integration
of additional information (e.g., total water storage or leaf area index) can further constrain
the model’s physical process and enhance the predictive capabilities of the model. In light of
advanced satellite retrievals and in situ observation networks, multiple source DA needs to be
explored further. Better ET predictions can be expected by assimilating leaf area index and
estimating vegetation parameters. The results also revealed the difficulty of improving subsurface
characterization in the real-world case, as also shown in previous studies (Hung et al. 2022). A
follow-up study can consider including the groundwater level measurements in the assimilation
scheme. In addition to hydraulic conductivity and porosity, more van Genuchten parameters

(such as o and n ) can be considered for estimation.

In this dissertation, bias refers to the systematic discrepancy between model-simulated states
and observations that arises from structural model errors, observation uncertainties, or represen-
tativeness mismatches. Classical state update approaches, such as the EnKF, assume unbiased
errors so that innovations are zero-mean and can be interpreted as random noise. The presence of
systematic bias may therefore degrade the optimality of the assimilation updates. Nevertheless,
in our case, state updating alone gives reasonable improvements for the CLM model. This may
be explained by the fact that the satellite observations provide useful information regarding the
temporal variability of soil moisture, allowing the assimilation to correct short-term deviations
from the model trajectory. At the same time, our findings indicate that parameter estimation
using remotely sensed measurements is challenging. Few previous studies have shown that
parameter estimation using remotely sensed information can lead to better soil moisture charac-
terisation, either in the synthetic case (Brandhorst et al. 2017; Montzka et al. 2011) or at coarser
model resolution (close to or larger than the satellite footprint) (Khaki et al. 2020; Pinnington
et al. 2018; Wanders et al. 2014). Here we use the SMAP mission product, which provides full
spatial coverage of the study area with a three-day revisit interval. However, the product only
provides information for the upper soil (0 - 5 cm), which does not reflect well the dynamics
in the deeper layers. The deeper layers benefit little from the assimilation, as the updating is
controlled by the model dynamics and other parameter uncertainties. Besides, the findings may

be due to model structural error and the inference of this error with model parameterization.
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For instance, in a fully coupled land surface subsurface model, the errors may be attributed to
a misrepresentation of subsurface processes, such as preferential flow. These model structural
errors have an effect on the assimilation process, resulting in the erroneous estimation of other
parameters. The preferential flow plays a significant role in soil water retention, which in turn
affects the modelling of soil moisture and the estimation of hydraulic conductivity and other
parameters in the assimilation process. A more accurate representation of the physical process
is therefore crucial for more accurate hydrological modelling, as well as for the application of

assimilation techniques.

A key limitation in this study arises from the spatial scale mismatch between remotely sensed soil
moisture observations and the model grid resolution. This issue has been widely addressed in the
literature through multi-scale or three-dimensional data assimilation frameworks, such as those
implemented in the studies by. Here, our approach uses a simplified treatment in which satellite
retrievals are assimilated as point-scale observations. Multi-scale data assimilation has been
widely developed to address this issue (De Lannoy et al. 2012; Sahoo et al. 2013; Vergopolan et al.
2020), and is operationally implemented in systems such as the SMAP Level-4 product. These
frameworks account for the spatial footprint of observations and their associated error structures,
either by including spatially correlated updates or by assimilating observations in observation
space. The present system relies on retrieved soil moisture products and does not include a
three-dimensional observation operator, which limits the effectiveness of soil moisture assimilation.
In addition, a finer resolution of remotely sensed soil moisture datasets has been demonstrated
to offer a more accurate representation of local hydrological conditions, such as the effects of
intensive precipitation events, and therefore can contribute more to improve land surface model
simulations (Lievens et al. 2017b; Lu et al. 2019). The newly pre-operational soil moisture product
at 1 km resolution by Sentinel-1 might benefit the assimilation. Active microwave observations
are strongly affected by vegetation structure and water content, and surface roughness (Kim
et al. 2018; Rahmati et al. 2026; Vreugdenhil et al. 2018), which can degrade the accuracy of
soil moisture retrievals. Similar limitations are already evident in ASCAT-based products, as
shown in Chapter 5. A more robust approach would be to assimilate microwave observations
directly (e.g., brightness temperature or backscatter) and combine them with improved vegetation
modeling and radiative transfer schemes to better represent the interaction between land-surface

states and satellite signals.

A spatially uniform observation error was applied to remotely sensed soil moisture, although
spatial and temporal variability is known to exist with respect to land cover and vegetation
condition in reality (Dorigo et al. 2010; Draper et al. 2013). Such a simplified error specification
can degrade assimilation performance, as the observation error covariance directly controls
the relative weighting between observations and model background through the Kalman gain
(Degelia et al. 2020; Fielding et al. 2019; Minamide et al. 2017). The observation errors in theory
include uncertainty due to systematic errors, instrument errors (random observation noise), and
representation errors (e.g., scale mismatch between observed and modelled variable) (Fowler et al.
2013; Janji¢ et al. 2018). Accurate estimation of observation errors can improve the benefits of
assimilating remote sensing datasets (Degelia et al. 2023; Terasaki et al. 2024). Further studies

should focus on the spatial patterns of the different microwave soil moisture retrievals to quantify
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their observational errors and take into account their different sensitivities to vegetation and other
atmospheric conditions. Approaches such as TC analysis and adaptive estimation within the
assimilation system offer promising ways to better quantify and dynamically update observation

uncertainties in different microwave soil moisture products.

Another limitation of the work in this PhD dissertation is the small study area, relatively
short simulation period and limited number of in situ measurements for verification. In situ
information is important to evaluate the high-resolution models and to understand the influence
of complicated topography and vegetation cover on model uncertainties. Further improvements
can be achieved by increasing the ensemble size and using a longer DA period with multiple data
types in the models. However, this points to the need to improve computational efficiency for the
complex coupled land surface and subsurface models. For example, future studies can focus on
the use of GPUs (graphical processing units) to speed up simulations. A further possibility is the
development, implementation, and use of surrogate models (emulators) (Baker et al. 2022; Olson
et al. 2024; Tran et al. 2021) that can approximate the full model’s behaviors with significantly

reduced computational cost and more powerful supercomputers.
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